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Abstract

Advancements in industries such as manufacturing, logistics, healthcare, and energy increasingly
rely on autonomous robots to enhance reliability, efficiency, and safety. A critical factor in
these advancements is the ability of these robots to accurately perceive and understand their
environments, enabling effective interaction and decision-making. Visual data, including images
and three-dimensional (3D) point clouds, serve as reliable sources of information for these
systems. However, vision-based approaches encounter numerous challenges when faced with
texture-less objects, articulated shapes, and unstructured environments with varying lighting

conditions and occlusions, which often degrade performance.

To address these challenges, this thesis develops novel methods for visual object detection
and pose estimation, specifically tailored for texture-less objects in unstructured environments.
Firstly, a 3D edge detection method has been proposed to extract 3D edge features from a scene’s
depth map. The 3D edges, representing the geometrical boundaries of an object, are independent

of the object’s texture, making them well-suited for challenging scenarios.

The extracted 3D edges are subsequently utilised to estimate six-degree-of-freedom (6-DoF)
pose of objects in unstructured environments. This task is approached as an alignment problem,
where the object’s model cloud is aligned with the observed 3D edge point cloud. The sparse
nature of the 3D edges allows the network to effectively manage limited data, making it robust in

handling occlusions and unstructured scenes where dense object information is often unavailable.

Furthermore, this thesis proposes a method for classifying articulated objects. Objects’
articulation introduces additional complexities, which significantly reduce the performance of

standard methods for pose estimation, grasping, and manipulation. To address this, a classifica-



tion approach is developed to determine whether an object is rigid or articulated by analyzing
a video sequence that captures object manipulations. By identifying the object’s properties
within the scene, this approach enables the deployment of property-specific methods tailored to
perform the corresponding tasks effectively.

Finally, a learning-based visual servoing method utilising the 3D edge point cloud is proposed
to evaluate the effectiveness of 3D edges in practical scenarios. A deep learning-based network
is implemented to learn latent features from 3D edges, which, together with the centroid of the
3D edge cloud, are utilised as visual cues to guide the servoing task.

The efficacy of the proposed vision-based methods has been validated through various per-
formance metrics, including rotation error, translation error, F-measure, precision, recall, and
average model distance (ADD) error. The performance of these methods has been analysed
across multiple benchmark datasets and compared with state-of-the-art (SOTA) methods avail-
able in the literature. Results demonstrate competitive or superior performance compared to
state-of-the-art methods, confirming the effectiveness of the proposed approaches for texture-less

objects and unstructured environments.
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Chapter 1

Introduction

The integration of autonomous robots across various industries marks a pivotal advancement in
the contemporary engineering landscape. Autonomous robots, characterised by their capability
to perform tasks without continuous human intervention, are increasingly becoming instrumental
in addressing the growing need for operational efficiency, precision, and safety. For example,
the manufacturing sector requires autonomous robots to perform repetitive and hazardous tasks,
thereby revolutionising production lines by enabling consistent and high-speed operations with
minimal human error and workplace injuries [220]. Similarly, the energy industry, encompassing
both renewable and non-renewable sectors, faces a critical need for autonomous robots to enhance
operational efficiency, safety, and sustainability amid rising global energy demands and the
complexities of production, distribution, and maintenance operations [42, 237]. Comparable
requirements have been observed in other sectors such as logistics [53], healthcare [184],
agriculture [239], and mining [228]. The trend of increasing demand for autonomous robots, as
analysed and suggested in [220, 53, 184, 239, 228, 42, 237], is presented in Figure 1.1. From
the figure, it can be observed that the demand has been increasing at a nearly exponential rate,

with requirements in all industries more than doubling within a decade.

An autonomous robot comprises several critical components, each playing a significant
role in enabling the robot to operate independently. The primary components include sensing,

processing, and actuation. Sensing involves gathering information from the environment using
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Figure 1.1: Observed and predicted trend for the demand of autonomous robots in manufacturing,
logistics, healthcare, agriculture, mining and energy industry [220, 53, 184, 239, 228, 42, 237].

various sensors such as cameras, depth sensors, radars, and Light Detection And Ranging
(LiDAR) [286, 134, 49], as shown in Figure 1.2. These sensors collect data in different
formats, such as Red Green Blue (RGB) images, depth images, and 3-Dimensional (3D) point
clouds, which provide a comprehensive understanding of the robot’s surroundings [260, 81].
Processing, often executed by onboard computers, interprets this sensory data to understand the
environment, identify work objects and/or obstacles, and determine appropriate actions [286,
180]. Finally, actuation is the component responsible for executing these actions, encompassing
motors, servos, and other mechanisms that control the robot’s movement and interactions with
the environment [165, 183]. Each of these components is crucial, with sensing providing the
necessary data, processing transforming the data into actionable insights, and actuation enabling

the robot to carry out tasks autonomously [260, 165].
To enable robots to perform various tasks according to the requirements of different indus-
tries, specific processing algorithms need to be designed to tackle their respective challenges.

Each industry presents unique obstacles that necessitate tailored solutions. For instance, in the
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Figure 1.2: Different depth camera and LiDAR devices used in industries for 3D perception.

Figure 1.3: Application of autonomous systems in agriculture, healthcare, and logistic industries.

healthcare industry, surgical robots require advanced image processing and machine learning
algorithms to interpret medical images and guide surgical instruments with precision [290].
The logistics sector also poses significant challenges for autonomous robots. Algorithms for
this industry must manage dynamic environments with high traffic, optimise route planning
for delivery robots, and ensure safe and efficient handling of packages. Robots in warehouses,
for example, rely on sophisticated navigation and object recognition algorithms to move goods
from storage to shipping areas [279]. The development and implementation of these algorithms
are crucial for the successful integration of autonomous robots into various industries, ulti-
mately enhancing efficiency, accuracy, and safety. These applications are visually represented

in Figure 1.3.

1.1 Problem, challenges, and motivation

Developing methods to understand the environment and generate insights to perform specific

tasks is accompanied by multiple challenges in various industries, which are listed below:
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Understanding visual data
Visual data, encompassing images, videos, and point clouds captured by cameras and
other sensors, is a primary source of information for autonomous systems to comprehend
their environment. Accurate interpretation of this data is essential for making informed
decisions and executing tasks effectively. However, visual data is often challenged by
factors such as varying lighting conditions, occlusions, background clutter, and changes in
perspective. These variations make it difficult to consistently extract useful information,
necessitating the development of robust feature extraction techniques that can operate
reliably despite these challenges. Achieving this level of consistency and accuracy in

interpreting visual data remains a significant hurdle for autonomous systems.

Texture-less objects
Texture-less objects lack distinctive features such as colour, pattern, or texture that can help
identify them (e.g., metal pipes, boxes, wires). These objects are particularly challenging
for machine vision systems because traditional feature-based detection algorithms rely on
visual cues to recognise and differentiate objects. In industrial settings, most of the objects
utilised are industrial texture-less objects, making it difficult to separate them from the
background or other objects. This poses a significant challenge for autonomous systems

tasked with identifying, manipulating, and sorting these objects [170, 103].

Unstructured environments
Unstructured environments present a significant challenge due to their inherent unpre-
dictability and variability. Unlike controlled, structured settings such as warehouses or
power grids, unstructured environments lack predefined layouts and consistent conditions,
e.g. in agriculture and mining sectors. Addressing these challenges remains critical to
expanding the applicability and reliability of robotic systems in real-world, unstructured

environments [274].

Articulation in objects

Articulated objects are characterised by their movable parts or joints, presenting significant
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challenges in industrial settings. Many industrial objects, such as wires, chains, and pliers,
exhibit varying degrees of articulation that must be accurately addressed. Furthermore, the
complexity increases in cluttered or occluded environments commonly found in industrial
applications, where parts may overlap or be partially hidden. Effective handling of
articulated objects demands robust techniques to ensure precise detection and interaction,
highlighting a crucial area for ongoing research and development in the field of industrial

robotics and automation [203].

Unavailability of data
The unavailability of sufficient training data poses a significant challenge for developing
robust vision-based methods in various industrial settings. In environments such as
nuclear decommissioning, manufacturing, and hazardous material handling, where safety
concerns are paramount, there is often a severe limitation on the availability of real-world
object views. This scarcity of data hampers the ability to train and validate learning-based
algorithms, e.g., supervised learning for classification, effectively before their deployment

in actual applications [20].

In response to these challenges, there is a strong motivation to design methods specifically
tailored to industrial environments. These methods must be capable of object classification,
recognition, and pose estimation for texture-less objects, both rigid and articulated, in unstruc-
tured settings. Additionally, they should be robust to dynamic uncertainties and the unstructured
organisation of objects commonly found in these environments. To mitigate the lack of real-
world data, techniques such as Sim2Real [109] and domain transfer [254] are crucial, allowing
for the development of models that can learn effectively without the need for extensive real-
world datasets. Furthermore, 3D vision, which provides depth information, offers significant
advantages over 2-Dimensional (2D) vision by allowing for a more accurate understanding of
spatial relationships between objects. This depth information improves the system’s ability
to navigate cluttered environments and perform tasks such as grasping or assembling compo-

nents with greater accuracy and reliability than 2D vision systems. As a result, this thesis
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proposes advanced methods to tackle these challenges, enhancing the efficiency and flexibility

of autonomous systems in industrial applications.

1.2 Contributions

Given these challenges and motivations, this thesis proposes various vision-guided methods
targeting unstructured environments. Specifically, multiple vision-based tasks are explored,

which are listed below.

Feature extraction For the first task, to extract texture-independent unique features from the
scene, a novel unsupervised learning-based approach for detecting 3D edges is developed.
This approach learn deep features at three different scales to capture coarse and fine
details. Later, the method utilises learning-based clustering to differentiate between edge

and non-edge points.

Object recognition In the context of object recognition, a region-to-region registration-based
method for classifying both articulated and rigid objects is introduced. The method is
designed to utilise a video sequence without any labelled data, where an object is being
manipulated, to classify object as either rigid or articulated. This enables autonomous

systems to detect whether an object is articulated and to respond appropriately.

Pose estimation Finally, for the pose estimation task, a self-supervised method for estimating
the pose of rigid objects is proposed. This method utilises 3D edges, which correspond
to approximately 5% of the original points, as input for scene objects along with the

Computer-Aided Design (CAD) model of the object.

Applications Furthermore, to demonstrate the practical effectiveness of the proposed meth-
ods, an experiment is conducted. A 3D edge-based learning visual servoing pipeline
is proposed to showcase real-world visual servoing experiments. The data used in these
methods is primarily generated in a simulation environment, addressing the issue of dataset

unavailability.
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For all, point cloud data is used as the visual input, providing the spatial coordinates and point
normals without any texture or colour to handle texture-less objects. The performance of all
methods is evaluated using various performance metrics and compared with State-Of-The-Art
(SOTA) methods over multiple benchmark datasets. This comprehensive evaluation ensures

that the proposed methods are both effective and robust for real-world applications.

1.3 List of publications

Below is a list of papers associated with this thesis, along with a detailed breakdown of the

contributions of each author:

1.3.1 Published work

* Aggarwal, A., Stolkin, R. & Marturi, N., Unsupervised learning-based approach for de-
tecting 3D edges in depth maps. Sci Rep 14, 796 (2024). https://doi.org/10.1038/s41598-
023-50899-3

The research was conceptualised and the method was implemented by A.
Aggarwal, who also guided the experimental design and drafted the manuscript.
The manuscript was reviewed and revised by R. Stolkin, while critical feedback
and assistance in interpreting the results were provided by N. Marturi. The final

manuscript was reviewed and approved by all authors.

* A. Aggarwal, R. Stolkin, & N. Marturi, Local Region-to-Region Mapping-based Ap-
proach to Classify Articulated Objects. 2023 20th Conference on Robots and Vision
(CRV), Montreal, Quebec, Canada, 2023, pp. 177-183. https://doi.org/10.1109/CRV60082.
2023.00030

A. Aggarwal conceptualised the research, developed the methodology, and
led the manuscript writing. Substantial input during manuscript revision was

provided by R. Stolkin, while N. Marturi assisted in the experimental analysis
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https://doi.org/10.1038/s41598-023-50899-3
https://doi.org/10.1109/CRV60082.2023.00030
https://doi.org/10.1109/CRV60082.2023.00030
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and manuscript revision. The final manuscript was reviewed and approved by

all authors.

1.3.2 Unpublished work

* Aggarwal, A., Stolkin, R. & Marturi, N., EOPEN: An Object Pose Estimation Method

using 3D Edge Point Clouds.

The research conceptualisation, methodology development, experimental val-
idation and manuscript writing were led by A. Aggarwal. N.Marturi provided
conceptual understanding, validation of experiments, and revised manuscript.

Thorough manuscript revisions are performed by R.Stolkin.

* Aggarwal, A., Farias, C., Stolkin, R. & Marturi, N., Learning-based Direct Visual Servo-
ing with 3D Edges.

A. Aggarwal conceptualised the research into two parts, i.e., learning-based and
control-based. The learning-based part is contributed by A. Aggarwal. The
author also designed real-world experiments and led the manuscript writing.
The control part of the methodology was developed by C. Farias, along with
experiments and manuscript writing. N. Marturi validated the methodology,
provided feedback on conceptual understanding, and performed manuscript
revisions. R. Stolkin performed manuscript revisions, improving the quality of

the work.

1.4 Thesis organisation

The rest of the thesis is organised as follows. Chapter 2 presents a survey of the latest advance-
ments in vision-guided systems to process texture-less objects in unstructured environments. In
Chapter 3, an unsupervised 3D edge feature detection method is described to extract 3D edges

from point clouds. An object pose estimation method is discussed in Chapter 4, wherein 3D
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edges are used to predict the pose of the object. This estimation method is based on a self-
supervised deep learning model. A method to classify articulated objects using point clouds is
presented in Chapter 5. Chapter 6 presents a practical application of 3D edge features utilised

for a visual servoing task. Lastly, Chapter 7 presents the conclusion and future work.






Chapter 2

Literature study

In recent years, significant advancements have been made in the field of computer vision, par-
ticularly in the domains of visual object detection and pose estimation [174, 317, 155, 269,
113]. The challenge of accurately detecting and estimating the pose of texture-less objects in
unstructured environments has gained increasing attention due to its relevance in real-world ap-
plications such as robotics, augmented reality, and autonomous systems. This chapter provides a
comprehensive review of the existing literature, highlighting the key methodologies, algorithms,
and techniques that have been proposed to address this challenge.

The literature review begins with an overview of feature extraction methods (Section 2.1),
followed by a summary of object recognition techniques including detection and segmentation
(Section 2.2). Object pose estimation methods are discussed in Section 2.3, and recent advance-
ments for texture-less objects and unstructured environments are covered in Sections 2.4 and

2.5. Lastly, the datasets used in the thesis are detailed in Section 2.7.

2.1 Feature extraction

Visual features are distinctive elements or patterns present in an image or point cloud. These
features may include inherent properties of an object, such as colour and texture, or may be
extracted, such as edges and corners. These are crucial for any subsequent analysis of images

or point clouds as they facilitate the extraction of insightful information from the data. This

11
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information can then be directly applied in tasks such as object recognition and classification,

thereby enabling machines to interpret and process visual information effectively.

Early research on feature extraction from images focused on designing handcrafted features
that capture information like corners, edges, intensity maps, and image gradients. Prominent
handcrafted features developed during this period include Harris Corner Detection [97], His-
togram of Oriented Gradients (HOG) [56], Scale-Invariant Feature Transform (SIFT) [160],
Speeded-Up Robust Features (SURF) [21], and Canny Edge Detection [33]. While these fea-
tures have proven effective in extracting valuable information from raw data, they have several
limitations, including limited robustness to variability, sensitivity to noise, the need for manual
design and tuning, computational complexity, and inflexibility in diverse applications. The ad-
vent of deep learning popularised the extraction of deep features from images. Some of the most
prominent image feature extractors include LeNet-5 [143], AlexNet [138], Visual Geometry
Group Network (VGGNet) [234], Residual Network (ResNet) [99], Inception V3 [248], Big
Transfer (BiT) [135], and DINO V2 [198]. These methods provide a fixed-size feature vector for
each image, which can then be utilised in a wide variety of applications such as classification,

recognition, and segmentation.

Using image-based feature extractors for point cloud data presents significant challenges due
to the unstructured and higher-dimensional nature of point clouds, which differ substantially
from the grid structure of 2-Dimensional (2D) images. Applying traditional image feature
extractors directly to point clouds can lead to issues such as loss of geometric detail during
voxelisation, inefficiency in handling sparse data, and increased computational complexity. 3D
data is typically captured in two forms: depth maps and point clouds. A depth map is an
organised representation of 3D data where two axes (usually x and y) correspond to a 2D
grid, and each grid cell contains the value of the third axis (z) wherever there is a point
from the 3D data. It is an image-like representation for 3D data where each pixel has a
depth value instead of pixel intensities. Due to its similarity to images, many handcrafted
methods for images can be applied to depth maps to extract features. However, most of these

methods struggle to capture the full depth information due to its complex nature. Some of the
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most widely used feature extractors for depth maps include HOG [56], RGB-D SIFT [125],
Normal Aligned Radial Feature (NARF) [241], Fast Edge Detection [29], and RGB-D Edge
Detection [47]. Depth-Aware Convolutional Neural Networks (Depth-CNN) [92], Multi-Scale
CNN (MSCNN) [69], Depth-Aware Residual Networks (Depth-ResNet) [267], Fusion Net
(FuseNet)Fusion Net (FuseNet) [98], and FETNet [282] are among the pioneering works on

feature extraction from RGB-D data using deep learning.

Point clouds generally represent an unorganised 3D data structure, where the same data
is represented regardless of the order of points. Feature extractors developed for images and
depth maps cannot be directly applied to this data structure as they struggle with the order
invariance required for point clouds, potentially leading to inconsistent outputs if the input
order of points is altered. To address the challenges of feature extraction from 3D point
cloud data, several handcrafted and deep learning-based methods have been proposed in the
literature [90, 95]. Prominent traditional point cloud feature extractors include Spin-Image [18],
Point Feature Histograms (PFH) [223], Fast Point Feature Histograms (FPFH) [222], Signature
of Histograms of Orientations (SHOT) [259], and Radius-based Surface Descriptor (RSD) [171].
Similar to image-based handcrafted feature extractors, these methods also face challenges such
as sensitivity to sampling density, dependence on local geometry, lack of adaptability, and

computational complexity.

In recent years, several deep learning-based point cloud feature extraction methods have
been introduced in the literature [91, 159]. These methods are generally categorised based
on the type of input received, i.e., voxelised input-based and direct input-based. Voxelised
input-based methods first transform the unordered point clouds into a 3D voxel grid where each
grid cell may contain one or more points from the point cloud. The voxelised grid provides
a structured way to process point clouds, enabling 3D Convolutional Neural Network (CNN)
to extract features from point clouds. Prominent works in this category include VoxNet [176],
VoxelNet [315], 3D ShapeNets [278], Octree Networks (OctNet) [218], Voxelwise Residual

Networks (VoxResNet) [41], and SparseConvNet [72].

However, these methods are computationally intensive and dependent on the voxel grid
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Figure 2.1: Deep learning-based network architecture for PointNet [212].

density. Direct input-based methods, on the other hand, take unordered point clouds directly as
inputs. PointNet [212], as shown in Figure 2.1, was the first method to introduce a novel approach
by processing raw point clouds directly. In PointNet, each point in the cloud is independently
processed through a series of Multi-Layer Perceptron (MLP)s to generate individual point
features. These features are then aggregated using a symmetric function, typically max pooling,
to create a global feature vector that captures the overall geometry of the object. This global
feature vector is used to make predictions, such as class labels or segmentation masks. The
architecture is inherently invariant to the permutation of points due to the use of the symmetric
function, making it well-suited for the unordered nature of point clouds. PointNet demonstrated
that deep learning could be effectively applied to 3D data, setting the foundation for subsequent
advancements in point cloud processing. Later PointNet++ [213] was developed by the same
authors in which a hierarchical structure that captures local geometric features at multiple
scales, improving its ability to handle complex and non-uniform point clouds. Following this,
methods such as PointCNN [149], Dynamic Graph CNN (DGCNN) [272], SparseConvNet [85],
Kernel Point Convolutions (KPConv) [256], and Point Pair Features (PPF)-FoldNet [61] have
been introduced in the literature, further advancing the field of feature extraction from point
clouds. A comparison of these feature extractors in terms of object recognition performance for
ModelNet40 [278] data is presented in Table 2.1. From the comparison, it can be observed that
these methods show good recognition performance and are able to learn useful features from the

point clouds. In the subsequent sections, various methods that utilise these extracted features
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Table 2.1: Comparative analysis of point cloud feature extractors in terms of object recognition perfor-
mance on ModelNet40 [278] dataset.

Architecture Performance Key Features
(Accuracy)

PointNet [212] 89.2% Direct processing of raw point clouds; struggles
with fine-grained details in complex scenes.

PointNet++ [213] | 91.9% Hierarchical feature learning; better handles
complex and detailed geometries.

PointCNN [149] | 92.5% Convolutional operations on point clouds; effec-
tively captures local structures.

DGCNN [272] 92.9% Dynamic graph-based feature learning; excels
in capturing both local and global features.

SparseConvNet 93.2% Sparse convolutional operations; efficient for

[85] processing large-scale 3D data.

KPConv [256] 92.9% Flexible kernel point convolutions; adapts to
varying geometries in point clouds.

PPF-FoldNet [61] | 92.4% Combines Point Pair Features with folding-
based autoencoders; robust against partiality
and occlusions.

for a range of applications are discussed, drawing on relevant literature.

2.2  Object recognition

Recognising objects in images and 3D data has been a topic of study in the literature for
over three decades [317, 110, 269]. Early work in this field involved matching 3D models
of objects with images to achieve recognition [167]. However, these methods required the
availability of 3D CAD models, which were often not available for many common household
items. As a result, much of this early work focused on recognising basic shapes within objects
in images. The advent of handcrafted features and deep features, as discussed in the previous
section, significantly improved the ability to detect and describe local features in images and
point clouds. This advancement led to the widespread development of methods for recognising
specific objects in images and point clouds. Object recognition has been categorised into two

categories in literature i.e., detection and segmentation.

* Object detection: involves identifying and locating instances of objects within an image
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or point cloud. The goal is to draw a bounding box (3D bounding box in point clouds)

around objects of interest and classify them into predefined categories.

* Object segmentation: involves assigning a label to every pixel or point in an image or
point cloud respectively, effectively separating the objects from the background. It is a
more detailed task than detection. There are two main types: semantic segmentation,
where all pixels/points belonging to the same object class are labelled identically, and

instance segmentation, which distinguishes between different instances of the same class.

2.2.1 Object detection

The evolution of object detection in images began with methods that relied on handcrafted fea-
tures, such as the Viola-Jones detector [262], HOG detector [39], SIFT detector [208, 193], and
the Deformable Part-based Model (DPM) [77]. These early approaches laid the foundation for
object detection by extracting distinctive features that enabled the identification of objects within
images. Asdeep learning emerged, more advanced methods like RCNN [83], SPPNet [101], Fast
RCNN [82], Faster RCNN [217], Single Shot Detector (SSD) [158], and You Only Look Once
(YOLO) [122] were introduced, significantly improving both detection accuracy and prediction
speed, leading to their deployment in real-world applications.

Similarly, object detection in RGB-D images has seen significant advancements, transitioning
from traditional methods that extended 2D image processing techniques, like RGB-D extensions
of HOG [240] and SIFT [141], to more sophisticated deep learning approaches. Early methods
struggled to fully exploit depth data, but with the advent of deep learning, methods like RGB-D
Faster RCNN [92] and Multi-Modal Faster RCNN [44] were developed, integrating depth as
an additional channel to enhance detection accuracy. Approaches like Vote3Deep [73] and
Deep Sliding Shapes [238] utilised both RGB and depth data to generate 3D bounding boxes,
improving detection performance in cluttered environments. More recent advancements, such
as FuseNet [98] and Depth-aware CNNs [69], leverage dual-stream architectures to process RGB
and depth data separately before fusing them, further enhancing object detection by effectively

combining visual and geometric cues.
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In the domain of point clouds, early object detection methods also relied on handcrafted
features. For instance, Johnson and Herbert [124] developed a surface matching algorithm
using Spin-Image features, while Novotni and Klein introduced 3D Zernike moments [196]
for shape matching. Rusu et al. [223, 222] proposed PFH and FPFH descriptors for local
surface feature matching, which, although foundational, had limitations such as high compu-
tational costs, sensitivity to noise, and limited generalisation. In recent years, deep learning
approaches like Frustum PointNets [211], VoteNet [64], PointRCNN [230], and Point Voxel
RCNN (PV-RCNN) [231] have significantly advanced 3D object detection. These methods
combine point-based and voxel-based techniques, enhancing both accuracy and efficiency for

various applications, including autonomous vehicles and manufacturing.

2.2.2 Object segmentation

The evolution of object segmentation in images has followed a trajectory similar to that of object
detection, beginning with methods based on handcrafted features. Early techniques such as
thresholding [201], edge detection [33], and region growing [3] were foundational in dividing
an image into meaningful regions. These methods were later refined by more sophisticated
approaches like the Watershed algorithm [26] and Active Contours (Snakes) [129], which
provided better accuracy in delineating object boundaries by considering both edge information
and smoothness constraints. However, these methods had limitations in handling complex scenes
with occlusions and varying illumination conditions.

With the advent of deep learning, object segmentation witnessed significant advancements.
Fully Convolutional Network (FCN) [229] marked a turning point by adapting CNNs for pixel-
wise prediction, enabling end-to-end learning for semantic segmentation tasks. This was fol-
lowed by the introduction of U-Net [221] and SegNet [19], which utilised encoder-decoder
architectures to improve the spatial resolution of segmentation maps, making them particularly
effective for medical image segmentation and autonomous driving applications. The develop-
ment of Mask RCNN [100] extended the Faster RCNN framework to simultaneously perform

object detection and instance segmentation, further advancing the field by providing pixel-level
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object masks along with bounding boxes.

The methods for object segmentation in RGB-D images generally follow the approach as
object detection, using RGB-D adaptations of HOG [240] and SIFT [141]. However, these meth-
ods often struggled with the complexity of depth information and the need for precise alignment
between RGB and depth data. Deep learning approaches, such as RGB-D SegNet [130] and
FuseNet [98], introduced architectures that processed RGB and depth data in parallel streams
before fusing the features, improving segmentation accuracy by effectively combining visual
and geometric cues. More advanced models like Context-aware CNNs [34] further enhanced
the capability of RGB-D segmentation by incorporating context and spatial relationships within
the depth data.

In the realm of point clouds, early segmentation methods relied heavily on handcrafted
features. Techniques using features like FPFH [309], and SHOT [259] were developed to
capture local geometric features, enabling the segmentation of objects within 3D point clouds.
These methods, however, faced challenges such as sensitivity to noise, varying point density,
and computational inefficiency, particularly in large-scale scenes.

Deep learning has since revolutionised point cloud segmentation. PointNet [212] and Point-
Net++ [213] were the first methods to process raw point clouds directly for segmentation tasks.
Other methods, such as PointCNN [149] and DGCNN [272], introduced new ways of handling
the unordered nature of point clouds, using convolutional operations and dynamic graphs to bet-
ter capture the spatial relationships between points. More recent approaches, like KPConv [256]
and RandLLA-Net [111], have further advanced the field by offering more efficient and accurate
segmentation through innovative convolution operations specifically designed for point clouds

and by optimising the processing of large-scale data.

2.3 Pose estimation

Once an object has been recognised in data, one of the key task for robotic applications is to

estimate its pose. Pose refers to the orientation and position of an object or a camera in 3D
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space. Mathematically, the pose of an object can be defined as a transformation that maps points
from the object’s coordinate frame to the world coordinate frame. This transformation typically

consists of a rotation matrix R € SO(3) and a translation vector t € R3.

R t
Pose = € SE(3) 2.1

0" 1
Here R € SO(3) is a 3 x 3 rotation matrix representing the orientation, t € R? is a translation
vector representing the position, SO(3) is the special orthogonal group representing rotations,
and SE(3) is the special Euclidean group representing rigid body transformations (combining
rotation and translation). The overall pose transformation can be applied to a point p € R? in the

object’s local coordinate frame to obtain its position in the world coordinate frame as follows:

Pworld = Rplocal +t (22)
In homogeneous coordinates, this can be written as:

Pworld _ R t Piocal (23)

1 0" 1 1
This definition encapsulates both the orientation and the position (having 6-Degree of Free-
dom (6-DoF)) of the object or camera in 3D space, allowing for the calculation of how the object
or camera is situated relative to a reference frame. In literature, methods for pose estimation

have been proposed utilising different modalities of data i.e. RGB image, RGB-D data, Point

Clouds.

2.3.1 Pose estimation using RGB images

Pose estimation using images has seen significant progress. Early methods for 6-DoF pose esti-
mation were based on traditional feature matching techniques such as SIFT [144] and SURF [51].

These methods identified key points in the image and matched them to a 3D model, estimating
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the pose by solving the Perspective-n-Point (PnP) problem [79]. However, these approaches
often struggled with clutter, occlusions, and varying lighting conditions.

The introduction of deep learning significantly advanced 6-DoF pose estimation. PoseNet[131]
was one of the first deep learning models to directly estimate camera pose from a single RGB
image by regressing the position and orientation using a convolutional neural network. Later,
methods like Deep6D [65] and BB8 [215] extended this approach to object pose estimation,
predicting the 3D bounding box of the object and refining the pose through iterative processes.

More sophisticated methods, such as PVNet [204], RotationNet [127] and Pose Refinement
by Particle Filtering (PoseRBPF) [63], have been developed to improve the robustness and
accuracy of 6-DoF pose estimation in challenging scenarios. PVNet [204] uses a deep network
to detect 2D keypoints and then applies a RANdom SAmple Consensus (RANSAC)-based PnP
solver for pose estimation, which is particularly effective in handling occlusions. PoseRBPF [63]
integrates particle filtering with deep learning to refine pose estimates iteratively, combining
the strengths of probabilistic approaches with modern deep networks. RotationNet [127] is a
deep learning-based model designed for 3D object recognition, which utilises multiple views of
an object to predict its class and pose. By leveraging multi-view consistency, it achieves high

accuracy in recognising objects across varying orientations.

2.3.2 Pose estimation using RGB-D data

The early approaches to pose estimation using RGB-D data primarily relied on traditional
computer vision techniques. These methods often extended 2D image-based pose estimation
techniques by incorporating depth information as an additional visual cue. One of the earliest
methods was the use of feature matching techniques, such as the RGB-D extension of SIFT [251],
which utilised both colour and depth features to find 3D objects in cluttered scenes. Similarly,
the Point Pair Features (PPF) [89] technique was introduced to match 3D models to RGB-D
data by extracting geometric features from pairs of points in the depth map, which significantly
improved robustness in cluttered and noisy environments.

However, these early methods struggled with the complexity and variability inherent in
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real-world scenes. The advent of Random Forests in methods like LINEMOD [104] allowed
for efficient and robust 3D object detection and pose estimation by combining RGB and depth
features in a discriminative manner. As deep learning gained prominence, methods [258, 117]
were developed leveraging CNNs to directly regress object poses from RGB-D data. They
improved the robustness and accuracy of pose estimation by learning deep features from both
colour and depth channels, allowing it to handle occlusions and varying lighting conditions
effectively.

More recent advancements in RGB-D-based pose estimation have focused on improving
the integration of depth information. Approaches like DenseFusion [265] and DeepIM [150]
use iterative refinement techniques to fuse RGB and depth data, enabling more accurate and
robust pose estimation even in complex and cluttered environments. These methods apply deep
learning models that process the RGB and depth information in parallel streams before merging

the features, allowing the network to take full advantage of both modalities.

2.3.3 Pose estimation using point cloud data

Pose estimation have been extensively studied, with approaches ranging from traditional hand-
crafted feature-based methods to modern learning-based techniques. Traditional methods, such
as the Iterative Closest Point (ICP) algorithm [16], have been widely used for point cloud reg-
istration. ICP and its variants, such as Generalized-ICP [227] and Sparse ICP [30], require
good initialisation to converge effectively. However, these methods are limited by their sensi-
tivity to noise and mismatches. To address these limitations, global registration methods like
Global ICP (Go-ICP) [292], Truncated Least Squares Estimation And Semidefinite Relaxation
(TEASER) [291] and Super4PCS [177] have been introduced, offering globally optimal solu-
tions at the cost of increased computational complexity. Fast Global Registration (FGR) [312]
attempts to balance this trade-off by incorporating a local refinement strategy, though it still
struggles with noise and outliers.

Learning-based methods have revolutionised pose estimation by leveraging deep networks

designed to process unstructured sets. End-to-end registration frameworks like PointNetLK [15]
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and Deep Closest Point (DCP) [271] have been proposed leveraging the point cloud processing
enabled by methods like PointNet [212] and DeepSets [301]. However, these methods face
challenges in handling partial-to-partial registration scenarios. To overcome this, PRNet [270]
and Iterative Distance-Aware Similarity Matrix (IDAM) [145] introduced iterative refinement
strategies and keypoint-based approaches to improve robustness. Robust Point Matching Net-
work (RPM-Net) [297] and Deep Gaussian Mixture Registration (DeepGMR) [300] further

extended these ideas, addressing issues related to outliers and partial observations.

In recent years, focus has shifted towards improving the integration of these methods with
real-world data, which often presents challenges such as large rotations, occlusions, and varying
object scales. To handle this, methods like MatchNorm [58], Geometry Correspondence Pose
(GCPose) [308], CenterReg [120], and SE(3) Diffusion [121] have been proposed in literature
which are specifically designed to handle the noise in the real world sensor data. Overall,
the evolution from traditional to deep learning-based approaches in pose estimation and point
cloud registration has led to significant advancements in accuracy, robustness, and efficiency,

particularly in handling real-world challenges.

2.4 Texture-less objects

Texture-less objects, characterised by their lack of distinct surface patterns, colour variations, and
visual features, pose significant challenges in computer vision tasks such as object detection,
segmentation, and pose estimation. Their uniform appearances offer minimal visual cues,
making traditional feature extraction methods less effective [140, 119, 205]. To address these
challenges, various approaches have been developed, particularly leveraging RGB-D data and
point clouds.

One effective strategy involves the use of depth information alongside RGB data to detect
and estimate the pose of texture-less objects. Techniques like those proposed by Hinterstoisser et
al. [102] and Drost et al. [68] employ depth data to enhance the robustness of detection algorithms

against texture-less surfaces by matching geometric features or utilising PPF [119, 43]. Model-
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based methods have also shown success, particularly in industrial applications where precise
CAD models are available. For example, Liu et al. [157] developed a model-based approach for
detecting and estimating the pose of texture-less objects using CAD models, which has proven
effective in controlled environments [156]. Choi et al. [47] proposed a 3D edge based approach
for pose estimation of texture-less objects utilising an efficient chamfer matching for 3D pose
estimation from 2D edge templates, addressing the challenges of initialising particle filters for

texture-less objects.

Deep learning has become a cornerstone in addressing the challenges posed by texture-less
objects, especially when combined with depth sensors. Approaches by Tekin et al. [253] and
Zakharov et al. [302] integrate depth data into CNNs to predict object coordinates directly
from images, showing improved results in cluttered scenes. Additionally, frameworks like
OctNet [218] and other multi-modal approaches have demonstrated the benefits of combining
different types of data, such as depth and grayscale images, to enhance recognition accuracy in

complex environments [205, 43].

Point cloud data offers a rich source of geometric information crucial for recognising texture-
less objects. Methods like Frustum PointNets [211] and VoteNet [210] focus on the spatial
arrangement of points to estimate object poses accurately, even in the absence of texture [43].
Probabilistic models have also been developed to handle uncertainties in pose estimation, offering
robust solutions in industrial settings where objects may be partially obscured or placed in

cluttered environments [289, 293, 249].

In practical applications, particularly in industrial automation, real-time processing is es-
sential for the efficient handling of texture-less objects. The DOPE framework introduced by
Tremblay et al. [295] demonstrates the application of deep learning for real-time 6D pose esti-
mation in industrial settings, emphasising the need for scalable and efficient algorithms [310].
Recent advancements continue to focus on improving the generalisation of models to unseen
objects and enhancing robustness in complex environments. For instance, new approaches com-
bining synthetic and real-world data have shown promise in training models capable of handling

a wide range of texture-less objects [45].
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In this context, software solutions like MVTec HALCON [188], Cognex VisionPro [50],
Matrox Imaging Library (MIL) [175], and Keyence Vision Systems [132] play a crucial role.
HALCON is known for its robust 3D vision tools and surface-based matching, which are
particularly effective for handling texture-less objects in industrial environments [188]. Cognex
VisionPro’s PatMax technology excels in geometric pattern matching [50], while MIL offers
a user-friendly interface with strong pattern recognition capabilities [175]. Keyence integrates
Al and auto-teach features, enhancing its ability to detect texture-less objects [132] efficiently.
Each of these platforms brings unique strengths, making them well-suited for specific application

requirements in the challenging realm of vision-based processing for texture-less objects.

2.5 Unstructured environments

Unstructured environments refer to settings that are inherently unpredictable and lack a defined
or regular arrangement of objects, surfaces, or features. Unlike structured environments, where
elements are typically organised in a consistent and repeatable manner—such as in factories
or on roads—unstructured environments are characterised by their complexity, variability, and
randomness. Examples include natural outdoor settings like forests or urban scenes, cluttered
manufacturing plants, or object sorting at warehouses or any scenario where the spatial config-
uration is irregular and constantly changing.

In the fields of computer vision and robotics, unstructured environments present significant
challenges for tasks such as object recognition, navigation, and pose estimation. These challenges
arise from the absence of easily identifiable patterns, the presence of occlusions, varying lighting
conditions, and the dynamic nature of such settings. As a result, more advanced algorithms
and sensor systems are required to effectively interpret and interact with these surroundings.
Researchers have developed innovative approaches to address issues like heavy occlusions,

cluttered scenes, and the inherent uncertainty in object detection and pose estimation.

For example, Sui et al. [244] introduced SUM, a method that integrates sequential scene

understanding with manipulation to estimate object poses in unstructured environments, while
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accounting for uncertainty in object detection. Wong et al. [276] proposed SegIlCP-DSR, a
real-time algorithm designed for dense semantic scene reconstruction and pose estimation. This
method achieves high pose accuracy and successfully identifies object poses in the majority of test
cases, making it well-suited for autonomous robotic manipulation in unstructured environments.
Additionally, Feng et al. [78] proposed a Marker-Assisted Structure from Motion approach for 3D
environment modelling and object pose estimation. By utilising fiducial markers in featureless
environments, this method enhances pose accuracy by enabling the estimation of object poses
attached to markers or cameras.

Furthermore, Collet et al. [52] developed a system for markerless 6-DoF pose estimation of
complex objects in cluttered scenes, providing a solution that eliminates the need for markers
or additional infrastructure. Li et al. [146] introduced a self-recognition grasping operation
system that incorporates instance segmentation, pose estimation, and pose transformation for
unstructured environments. This system is designed to autonomously perform object detec-
tion, location detection, and grasp planning, making it highly effective in unstructured settings.
As discussed in the previous section, methods like MatchNorm [58], GCPose [308], Center-
Reg [120], and SE(3) Diffusion [121] have also been designed to perform pose estimation in

real world unstructured environments.

2.6 Object occlusions

Occlusion poses a significant challenge in object recognition and pose estimation by obscuring
key features, particularly in unstructured and dynamic environments. Various methods have
been developed to address this issue. PointNett [212] and PointNet++ [213] process 3D point
cloud data and remain robust under occlusions by learning local and global geometric features.
ICP [16] and its deep learning extension, DCP [271]), align visible object surfaces to models,
improving alignment despite partial visibility. PoseCNN [281] and PVNet [204] estimate
object pose by focusing on visible regions, with PVNet [204] predicting keypoints that are

robust to occlusion. LatentFusion [202] synthesises occluded object parts using latent features,
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while GANs [179] infer missing regions by generating plausible reconstructions. Multi-view
approaches, such as combining data from multiple cameras or LiDAR, reconstruct occluded
regions to enhance recognition and pose estimation. Sparse feature-based methods, which
focus on edges or corners, and advanced YOLO [122] models trained on occlusion-augmented
datasets, also effectively handle partial visibility. These methods, leveraging robust feature
extraction, multi-view data, and learning-based techniques, significantly mitigate the effects of

occlusion, enabling more reliable performance in real-world scenarios.

2.7 Datasets

In the rapidly evolving field of computer vision, datasets are fundamental to driving research and
development. They provide the essential groundwork upon which algorithms are trained, tested,
and benchmarked, allowing researchers to measure progress in a systematic and standardised
manner. In the domain of object recognition and pose estimation, the availability of high-quality
datasets is critical. These datasets offer the necessary diversity and complexity, encompassing
a wide range of object types, environmental conditions, and levels of occlusion. Such variety is
vital for developing robust and generalisable models capable of performing well across different
scenarios. Moreover, datasets enable the comparative evaluation of different methods, fostering
innovation by highlighting the strengths and limitations of various approaches. As a result, the
availability and quality of datasets significantly influence the pace of advancements in object
recognition and pose estimation, making them indispensable tools for the computer vision
research community.

To advance research in object recognition and pose estimation, numerous datasets have been
developed, each tailored to address specific challenges such as occlusion, clutter, lighting varia-
tions, and texture-less-ness. In this thesis, a selection of significant datasets from the literature
has been utilised, including the Tejani et al. [252], T-LESS [106], NYU [190], PARNET [181],
MVTech-ITODD [67], LineMOD [103], Occluded LineMOD [31], TUD-L [107], YCB Video

Dataset [281], and RBO Dataset [169]. These datasets were chosen for their provision of data
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in both RGB-D and point cloud modalities. Additionally, many of the objects featured in these
datasets are texture-less, reflecting unstructured and complex environments, thereby posing
challenges that are essential for testing the robustness of the methods developed in this thesis.

The properties of all the datasets is summarised in Table 2.2.

The dataset by Tejani et al. [252] is specifically designed for 3D object detection and pose
estimation in environments characterised by clutter and occlusion. It includes RGB-D images
of six household objects, namely a coffee cup, shampoo bottle, joystick, camera, juice carton,
and milk carton. Each object is annotated with 6-DoF poses, 2D bounding boxes, and masks,
making the dataset particularly useful for benchmarking in challenging scenarios. The T-LESS
dataset [106] is aimed at industrial applications, featuring 30 textureless objects captured in RGB-
D images. The absence of texture presents significant challenges for traditional feature-based
methods, making T-LESS a standard benchmark for testing the robustness of pose estimation

systems in industrial automation.

The NYU Depth Dataset (NYU v2) [190] provides RGB-D images of indoor environments,
with dense annotations for semantic segmentation. The dataset’s complexity, derived from
the diversity of indoor scenes and varied lighting conditions, makes it invaluable for testing
and developing algorithms that can handle real-world variations in indoor environments. Part-
Net [181] is a dataset focused on part-level object recognition and pose estimation, offering
3D CAD models of objects with detailed part segmentation. This dataset is particularly rele-
vant for applications requiring fine-grained object understanding, such as those in robotics and

augmented reality.

MVTech-ITODD [67] is similar to T-LESS with a focus on industrial applications and
offers a broader range of texture-less objects. It provides high-resolution RGB-D images of
28 objects, along with precise ground truth annotations, making it suitable for benchmarking
pose estimation algorithms in controlled environments. LineMOD [103] and its extension,
Occluded LineMOD [31], are key benchmarks in the field of 6D pose estimation. LineMOD
includes 15 household objects captured in RGB-D images, while Occluded LineMOD increases

the complexity by introducing severe occlusion, challenging algorithms to maintain accuracy
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Table 2.2: Summary of object pose estimation datasets.

Dataset Data Type | Object Cate- | Key Characteris- | Challenges
gories tics
Tejani et al. | RGB-D Household objects | Cluttered and | High occlusion,
[251] occluded envi- | clutter
ronments, 6-DoF
poses
T-LESS RGB-D 30 industrial, tex- | Textureless, sym- | Lack of texture,
[108] tureless objects metry rotational symme-
tries
NYU [190] | RGB-D Indoor scenes Dense semantic | Scene complexity,
segmentation varied lighting
PartNet RGB-D Part-level annota- | Focus on part- | Complexity and
[181] tions level recognition | variability at the
part level
MVTech- RGB-D Industrial, texture- | High-resolution, Texturelessness,
ITODD [67] less objects precise  ground | high precision
truth requirement
LineMOD | RGB-D 15 household ob- | Occlusion, clutter | Recognising ob-
[103] jects jects under occlu-
sion
Occluded RGB-D 15 household ob- | Extreme  occlu- | Severe occlusion,
LineMOD jects sion clutter
[31]
YCB RGB-D Household items, | Dynamic environ- | Real-time pose es-
Video [280] | Video tools ments, video se- | timation, occlu-
quences sion
TUD- RGB-D Common objects | Real-world envi- | Real-world vari-
L [107] ronments, occlu- | ability, diverse ob-
sion, clutter jects
RBO [169] | RGB-D Household objects | Multi-viewpoint, | Diverse poses,
Video grasping points grasping points

under difficult conditions.

The TUD-L dataset [107] is designed for 3D object detection and pose estimation in real-
world environments, featuring three common objects under varying conditions of occlusion and
clutter. This dataset is particularly useful for testing algorithms in scenarios that closely mimic
real-world applications. The YCB Video Dataset [281] provides RGB-D video sequences of
21 household items and tools, captured in cluttered scenes. It is widely used in robotics for

real-time pose estimation and applications requiring dynamic environment interaction. Finally,
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Figure 2.2: Objects and sample images from LineMod (LM) [103] and RBO datasets [169].
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Figure 2.3: Objects and sample images from Tejani et al. [252] and T-LESS datasets [106].
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the RBO dataset [169] focuses on robotic grasping and manipulation, offering multi-viewpoint
RGB-D video sequences with annotations for 6-DoF poses and grasping points. This dataset is
essential for developing and evaluating robotic systems that require precise object manipulation
capabilities. The dataset consists of 15 objects, having articulation properties, with multiple
video sequences demonstrating the manipulation of these objects.

In summary, these datasets collectively cover a wide range of scenarios and challenges that are
critical for advancing object recognition and pose estimation research. Object models and some
image samples for these dataset are shown in Figures 2.3 and 2.2. Each dataset contributes unique
attributes that make it suitable for testing specific aspects of algorithm performance, whether it

be handling occlusion, managing texture-less surfaces, or working in dynamic environments.

2.8 Camera Calibration for RGB and Depth Cameras

Camera calibration is considered a crucial process in computer vision to establish the relationship
between 3D world coordinates and their 2D projections onto the camera image plane. The
calibration process for both RGB and depth cameras is presented in this section, including

intrinsic and extrinsic parameters, as well as depth-to-colour alignment.

2.8.1 Intrinsic Calibration

The intrinsic parameters, which define the internal characteristics of the camera such as focal
length, principal point, and distortion coefficients, are determined. The intrinsic matrix K for

an RGB camera is expressed as:

i 0 cx
K=0 f o @.4)
0O 0 1

where f; and f, denote the focal lengths in the x and y directions, respectively, and (cy, c¢,) rep-
resents the principal point, typically located near the image centre. Lens distortion is corrected

by estimating radial and tangential distortion coefficients (k1, k2, k3, p1, p2):
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Xdistorted = X(1 + k1% + kor* + k3r®) + 2p1xy + pa(r? + 2x2), (2.5)
Vdistorted = y(l + klr2 + k2r4 + k3r6) +p1(r2 + 2)72) + 2p2xy’ (26)

where 72 = x? + y? denotes the radial distance.
For depth cameras, a similar intrinsic matrix is employed. However, additional calibration

is required due to depth quantisation:

d
Zdepth = 2.7

where Zgepm 18 the real-world depth, d is the disparity, and s is the scale factor provided by the

camera manufacturer.

2.8.2 Extrinsic Calibration

The extrinsic parameters, which describe the rigid body transformation between the camera coor-
dinate system and the world coordinate system, are estimated. These parameters are represented

by a rotation matrix R and a translation vector t, forming the extrinsic matrix:

T= : (2.8)

The relationship between a 3D point in the world coordinate system P, = [X,,, Y,,, Z,,, l]T and

its projection on the image plane p = [u, v, 1]7 is given as:

p «< KTP,. (2.9)

2.8.3 Depth-to-Colour Alignment

For systems involving both RGB and depth cameras, the alignment of the two modalities is

essential. The transformation between the depth and RGB cameras is represented by:
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PrgB = RalignPDepth + talign’ (2.10)
where Ryjign and tyie, represent the rotation and translation between the two cameras. The depth

image is reprojected into the RGB camera’s coordinate system using:

[, v, 11" o KrgpRatignKp ¥, 7, 2, 117 (2.11)

2.8.4 Calibration Procedure

The calibration process is conducted as follows:

* Multiple images of a known calibration pattern (e.g., a checkerboard) are captured from

various angles and distances.

* The intrinsic parameters are estimated by analysing the known pattern dimensions and

their projections in the images.
* The extrinsic parameters are computed by solving the Perspective-n-Point (PnP) problem.

* Depth and RGB images are aligned by estimating Rjign and t,jign through joint optimisa-

tion.

2.8.5 Error Metrics

The calibration accuracy is evaluated using the reprojection error:

N
1 N
e =~ lIpi—pill. (2.12)
i=1

where p; and p; represent the observed and projected points, respectively.
This calibration framework ensures accurate 3D perception by minimising projection and

alignment errors, which is crucial for applications in robotics and computer vision.
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Unsupervised 3D edge feature extraction

Preliminary remarks

The research in this chapter was published in the following paper:

* Aggarwal, A., Stolkin, R. & Marturi, N., Unsupervised learning-based approach for de-
tecting 3D edges in depth maps. Sci Rep 14, 796 (2024). https://doi.org/10.1038/s41598-
023-50899-3

Note: Some parts of this chapter, including problem descriptions, specific equations, variable

descriptions, interpretations of results, and figure/table captions, are adapted from [11].

3.1 Introduction

Among the features discussed in the previous chapter, edge features hold particular importance.
Edges represent boundaries, making them highly informative for delineating the shape and
structure of objects. This makes edges especially useful in scenarios where other features are
difficult to extract. For example, monochrome, texture-less, and smooth metallic objects and
surfaces can be challenging for systems to analyse using colour and texture information alone.
In such cases, edges provide a robust alternative, enabling accurate detection and analysis of

object boundaries and contours.
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The advent and growing prevalence of 3D vision sensors have significantly expanded the
capabilities of computer vision and robotics. These sensors, which capture detailed three-
dimensional information about the environment, are increasingly being used in diverse industries
such as manufacturing, energy, and medicine. To fully leverage the potential of 3D data, it is
crucial to develop efficient techniques for feature extraction, particularly 3D edge estimation.
3D edges are characterised by noticeable variation or depth discontinuities in points, effectively
marking the boundaries between different volumetric regions on a surface. The identification and
analysis of 3D edges provide critical geometric information about objects within a scene, enabling
systems to distinguish between useful foreground details and the background. Generally, there

are three types of 3D edges:

* Occluded edges: These edges are found at boundary points on the background surface that
are obscured or occluded by a foreground object. Occluded edges help in understanding
the spatial relationships between objects and their environment, highlighting areas where
one object blocks the view of another. Detecting occluded edges is particularly useful for
tasks like object detection and scene reconstruction, where understanding the layering and

depth of objects is essential.

* Occluding edges: These edges define the boundaries of objects present in the scene.
They represent the silhouette or contour of an object as seen from a particular viewpoint,
effectively outlining the shape and extent of the object. Occluding edges are critical for
object recognition and segmentation, as they provide clear boundaries of where one object

ends and the background or another object begins.

* High curvature edges: These edges occur along points of abrupt variation or high
curvature on object surfaces. They signify areas where the surface undergoes a sharp
change in direction, such as corners, edges of ridges, or intricate surface details. High
curvature edges are valuable for capturing fine details and intricate shapes of objects,

making them essential for accurate 3D modeling and surface analysis.

Each type of 3D edge carries valuable information about the geometric properties and
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spatial relationships of objects within a scene. By analysing these edges, computer vision
systems can gain a more nuanced understanding of the environment, facilitating more accurate
and robust performance. Currently, there is relatively limited research on edge estimation in 3D
data. Although 3D edge estimation shares similarities with 2D edge estimation, and numerous
methods for 2D edge estimation exist [245] (as discussed in Section 2.1), 2D detectors cannot
adequately handle the complexity of 3D data due to additional dimensions of depth and spatial

relationships.

3.1.1 Related work

The depth information encoded in 3D vision data is generally larger in size compared to 2D
images. Additionally, the process of calculating gradients and identifying local maxima in
all three gradient directions for every point in 3D data has been found to be computationally
intensive, as assessed by [182]. In early attempts, neighbour search and surface curvatures
on object model meshes and point clouds were assessed by [197, 88] to detect 3D edges.
Although refined edges of 3D models were extracted by these methods, the process was highly
time-consuming. A fast edge detection method for organised point clouds was developed by
Bormann et al. [29] by exploiting depth and surface discontinuities, and filtering the responses
using multiple manually adjusted parameters. Hackel et al. [93] presented a contour detection
algorithm for unorganised point clouds utilising the local neighbourhood surface properties of
each point to detect edges.

A 3D edge detection method, utilising indexed neighbour properties of organised point
clouds, was proposed by Choi et al.[46], where a point is classified as an edge if its neighbourhood
angle and distance thresholds are met. A Canny-based edge detection method was developed by
Sung et al.[246], in which 3D edges in the depth map were preserved by performing smoothing
and morphological operations after Canny detection. Besides these, authors in [12, 195, 182, 2]
have developed several other feature-based 3D edge detection methods. These methods typically
identify significant variations in geometric features such as curvature, depth discontinuities, and

surface normals within 3D data.



3.1. Introduction Chapter 3. Unsupervised 3D edge feature extraction

While these traditional feature-based methods are effective in many scenarios, they have
some notable limitations. A major drawback is their reliance on manual parameter tuning. For
instance, parameters such as thresholds for edge detection, neighbourhood size for calculating
surface normals, and curvature metrics need to be carefully selected. If these parameters are
not set optimally, the methods can become highly sensitive to noise present in the 3D data. This
sensitivity often leads to the detection of spurious edges, which are false positives that do not
correspond to actual object boundaries or features. To address these issues, this work develops
a learning-based procedure to extract edges from depth maps constructed from organised point
clouds. The learning-based approach leverages machine learning techniques to automatically
learn and detect edges from the depth maps. The model can learn to identify complex patterns
and features indicative of edges. This reduces the dependency on manual parameter tuning,
as the model adapts to different conditions and types of noise through the training process.
Consequently, the learning-based method is more robust and can generalise better to new,
unseen data, thereby minimising the occurrence of spurious edges and improving the overall

accuracy of 3D edge detection.

A refined 3D edge detection approach is developed in [112] by combining the semantic edge
and segmentation features in a learning-based joint semantic edge detection and segmentation
method. Local neighbourhood statistics are leveraged in the network developed by Bode et
al. [27] to detect 3D edges in substantial geometric structures such as buildings. Kaneko et
al. [126] utilised gradient depth images and their respective groundtruth to train the parameters
of binary decision-tree for edge detection. A supervised encoder-decoder CNN-based depth
contour prediction method was developed by Guerrero et al. [87] utilising a multi-modal input
(RGB, depth, and normal). Sarkar et al. [225] presented an edge detection method wherein small
patches in a given image are classified as edge or non-edge using deep learning. The learning-
based methods discussed above require labelled ground truth data to train their networks, which
is not always available. Furthermore, it is expensive and time consuming to create an acurrate
labelled dataset. To address the unavailability of labelled data, the method described in this

work utilises an unsupervised learning approach.
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A refined 3D edge detection approach was developed in [112] by combining semantic edge
and segmentation features in a learning-based joint semantic edge detection and segmentation
method. Local neighbourhood statistics were leveraged in the network developed by Bode et
al. [27] to detect 3D edges in substantial geometric structures such as buildings. The parameters
of a binary decision tree for edge detection were trained by Kaneko et al. [126] using gradient
depth images and their respective ground truth. A supervised encoder-decoder CNN-based
depth contour prediction method was developed by Guerrero et al. [87], utilising a multi-modal
input (RGB, depth, and normal). An edge detection method was presented by Sarkar et al. [225],
in which small patches in a given image were classified as edge or non-edge using deep learning.
The learning-based methods discussed above require labelled ground truth data to train their
networks, which is not always available. Furthermore, the creation of an accurate labelled
dataset is expensive and time-consuming. To address the unavailability of labelled data, the
method described in this work utilises an unsupervised learning approach.

Unsupervised learning has been extensively studied in the literature for tasks like classifica-
tion, clustering, and anomaly detection[123, 226, 187] due to its ability to understand intrinsic
patterns within data. In the context of edge detection, it has also been explored for 2D edge
estimation in literature [142, 147]. An encoder-decoder architecture based method is presented
by Le et al. [142] which utilises a feedback loop for iterative enhancement of the predicted
edges. Li et al. [147] consider a sequential data from video input to compute flow image and

utilises its gradients for 2D edge detection.

3.1.2 Organisation

The rest of the chapter is organised as follows. Section 3.2 provides a detailed description of the
proposed contributions in this chapter. A background on technical concepts utilised in this wor
is given in Section 3.3. Section 3.4 describes the proposed network to estimate 3D edges as well
as its components. Section 3.5 presents a comprehensive analysis of the results, accompanied by
descriptions of the datasets and comparison methods. Section 3.6 discusses a practical analysis

with an ablation study. Finally, Section 3.7 presents a summary.
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3.2 Contribution

This work proposes an unsupervised 3D edge detection and parameter selection approach using
deep learning [11]. The proposed approach integrates advanced deep learning techniques with
traditional gradient-based methods to enhance the accuracy and robustness of 3D edge detection.
A multi-scale encoder-decoder network is employed to learn features from depth maps. The
encoder-decoder architecture allows the network to capture multi-scale contextual information
by progressively downsampling and then upsampling the input depth maps. This multi-scale
approach is crucial for effectively capturing both fine and coarse details in the depth maps, which
are essential for accurate edge detection.

From the learned features, edge-specific features are extracted. These features are designed to
capture the characteristics of edges in the 3D space, leveraging both the learned representations
from the deep network and traditional gradient-based features. Once these edge features are
extracted, a clustering algorithm is applied to classify each point in the depth map as an
edge or non-edge. The clustering process groups points with similar edge features, enabling the
identification of distinct edges without the need for labelled ground truth data. This unsupervised
approach reduces the dependency on manually annotated datasets, which are often scarce and
expensive to produce.

Of all the available ones, in this work, specific focus is given to estimating occluding and
high curvature edges. These types of edges are of significant interest for various practical ap-
plications, including robotic grasping, manipulation, and segmentation. In robotic grasping and
manipulation, accurate detection of object boundaries and surface details is crucial for planning
and executing precise movements. High curvature edges, in particular, provide essential cues
for identifying grasp points and understanding object shapes. In segmentation, distinguishing
between different objects and their parts relies heavily on accurately identifying their boundaries,
making occluding edges particularly important.

The main contributions of the proposed method are summarised as follows [11]:

* A multi-stage network architecture: The proposed architecture comprises four key
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components:

1. Encoder-decoder: This component captures multi-scale features from the depth
maps by progressively downsampling the input to encode contextual information

and then upsampling to decode detailed features.

2. Multi-size split: This stage splits the encoded features into multiple scales or sizes,
enabling the network to process information at different resolutions simultaneously.

This multi-resolution approach helps in capturing both fine and coarse details in the

3D data.

3. Edge feature extractor: This module specifically focuses on extracting features
that are indicative of edges. By combining learned features from the network with

gradient-based features, it enhances the accuracy of edge detection.

4. Cluster network: The final stage involves a clustering network that classifies each
point in the depth map as an edge or non-edge. This unsupervised clustering
algorithm groups points based on their extracted edge features, facilitating robust

edge detection without the need for labelled data.

* A non-learning pre-processing algorithm: To address the issue of missing depth infor-
mation (often referred to as shadows) in the input depth data, a pre-processing algorithm
is introduced. This algorithm filters noise and completes the missing depth information,
ensuring that the depth maps used by the network are of high quality and free of artefacts

that could affect edge detection performance.

* An unsupervised training strategy: The method employs an unsupervised training
strategy that eliminates the need for labelled data. By leveraging clustering techniques
and unsupervised learning algorithms, the method is capable of training without relying
on manually annotated datasets. This not only reduces the cost and effort associated with
data labelling but also makes the method more versatile and applicable to a wide range of

scenarios where labelled data may not be available.
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The proposed method has been compared with four State-Of-The-Art 3D edge detection
methods from the literature. It has been evaluated on five benchmark datasets, which include
both single and multi-object scenes. The results demonstrate that competitive performance is
achieved by the proposed method, despite the absence of labelled data and the need for hand-
tuning of key parameters. This highlights the effectiveness of the unsupervised approach and the
robustness of the multi-stage network architecture in accurately detecting 3D edges from depth
maps. Additionally, the evaluation showcases the method’s ability to generalise across different
types of scenes and objects, making it a promising solution for various applications in computer

vision and robotics.

3.3 Background

3.3.1 Encoder-decoder networks

An encoder-decoder network is a type of neural network architecture widely used in deep learning
applications, particularly those involving sequence-to-sequence tasks, image processing, and

data transformation. This architecture consists of two main components:

* Encoder: The encoder processes the input data, compressing it into a fixed-size repre-
sentation known as a latent space or bottleneck. This representation captures the essential

features of the input while discarding irrelevant details [261].

* Decoder: The decoder reconstructs the compressed representation into the desired output
format. This output could be a transformed version of the input, such as in image

segmentation, or a completely new form of data, such as in machine translation [24, 105].

The encoder-decoder network is trained on a large dataset where input-output pairs are
known. During training, network parameters are adjusted by minimising the difference between
the predicted output and the actual output. This difference is measured by a loss function, such
as Mean Squared Error (MSE) for regression tasks or cross-entropy loss for classification tasks.

Once trained, the network can be used for inference on new, unseen data. The encoder processes
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the new input to generate a latent representation, which the decoder uses to produce the final
output. This process enables the network to generalise to new data not encountered during
training [84].

The encoder-decoder architecture has been successfully applied in various domains, in-
cluding image segmentation, machine translation, speech recognition, data compression, and
anomaly detection [17]. Overall, this network structure is a powerful and flexible tool for effi-
cient feature learning and data transformation across a wide range of deep learning applications.
Its ability to handle complex data and generate meaningful outputs makes it a cornerstone of

modern neural network design.

3.3.2 Deep unsupervised clustering

Deep unsupervised clustering is a rapidly growing area within the field of machine learning,
where the primary objective is to group similar data points into clusters without relying on
labelled data. Unlike supervised learning, which depends on a pre-defined set of labelled
examples for model training, unsupervised clustering seeks to uncover the inherent structure
within data by identifying patterns based solely on the data’s intrinsic features [273]. This
technique is particularly valuable in scenarios where labelled data is scarce or costly to obtain.

Deep unsupervised clustering leverages deep learning models, such as autoencoders, CNNss,
and generative models, to extract high-level features from raw data [311]. These features are
then used to perform clustering in a meaningful manner. The combination of deep learning
with clustering has proven powerful, as it enables models to learn complex data representations
that are more effective for clustering tasks compared to traditional methods that depend on

hand-crafted features [224].

Key components of deep unsupervised clustering

* Feature extraction: The first step in deep unsupervised clustering involves extracting
features from raw data using deep neural networks. For this purpose, autoencoders are

commonly utilised, where the input data is compressed into a lower-dimensional latent
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space by the encoder, and the original data is then reconstructed from this compressed
representation by the decoder. The learned latent space captures the most relevant features

of the data, which can then be employed for clustering.

* Clustering layer: After feature extraction, the latent representations are fed into a cluster-
ing layer, where algorithms such as k-means, Gaussian Mixture Models (GMM), or other
clustering techniques are applied [233]. Some advanced methods integrate the clustering
process with neural network training, allowing the model to simultaneously learn feature
representations and cluster assignments. This integration fine-tunes the feature space

specifically for clustering tasks.

* Loss functions: Specialised loss functions are designed to optimise clustering perfor-
mance. These functions typically aim to minimise intra-cluster variance while max-
imising inter-cluster distance. A common approach is to use the Kullback-Leibler (KL)
divergence, which measures the difference between the current cluster distribution and a
target distribution. The network is trained to reduce this divergence, thereby enhancing

clustering quality.

Applications in vision and 3D vision fields

Deep unsupervised clustering has become highly valuable in various vision and 3D vision
tasks. Its successful applications span several areas, including image segmentation, anomaly
detection, object detection and recognition, 3D point cloud segmentation, 3D shape analysis and
reconstruction, and scene understanding. These techniques enable the organisation and analysis
of complex visual data without the need for labelled datasets, making them particularly useful

for tasks requiring scalability and adaptability [185].

3.4 Methodology

Features such as surface normals, X, Y, and Z directional gradients, and neighbourhood sur-

rounding properties can be utilised to identify edges in point cloud data. Traditionally, manual
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fine-tuning of multiple thresholds is required by the method to process these features and classify
points in the point cloud as edge or non-edge. This process is not only laborious but also prone to
errors. Moreover, the adaptability for diverse datasets is often affected by using fixed thresholds.
Therefore, a clustering-based automated threshold estimation approach has been designed to
improve the generalisation over different datasets. Before delving into the technical specifics of

the method, the next subsection provides a detailed introduction to the problem.

3.4.1 Problem formulation

Given an organised point cloud with D points, in the form of a W X H size depth map D, edge
points E, where E, C D are detected by finding the A threshold. Then, each edge pointe € E,

in the depth map D is defined as:

di’j, if 5,',]' > A
e,-,j = . (31)

0, otherwise

where d; ; and ¢6; ; represent the depth value and extracted edge feature at the 7, j location with
iel,2,---,Wandj e 1,2,---,H, respectively. The edge features are extracted at all the
points D for all the depth maps in the dataset to obtain a distribution I', as shown in Figure 3.1.

A k-means clustering-based approach is employed utilising deep learning to learn means m; and
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Figure 3.1: Normalised feature space distribution for clustering edge and non-edge points.
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my for two clusters in the distribution I', with each mean representing the non-edge and edge

regions respectively. Using these means, the optimal threshold A is defined as:
A =argmin{|(m; -~ T)| > |(m2 - )|} (32)
r

Gradient-based features are adapted in the proposed method to compute edge specific features.

The gradient feature 6; ; at i, j index in depth map is defined as in equation (3.3).

6ij = \/(Gx #D; ;)% + (Gy =D, )? (3.3)

Here, the gradient operators Gy and Gy evaluate the change of depth in the depth map by

applying a convolution operation (x) on the local region matrix D; ;, defined as:

di—1,j-1 di-1j dic1jn
Dij=|di;j-1 dij dijn (3.4)

diz1,j-1 dig1j  dig1 41

It is important to note that the gradient-based edge detection features utilised here can be sub-
stituted with any other edge detection features. To enable generalised unsupervised clustering,
the edge feature extraction module is integrated with the Deep Neural Network (DNN)-based
learning. The proposed network architecture for 3D edge detection in depth maps is illustrated
in Figure 3.2.

The overall network architecture is divided into two main components: feature-based and
learning-based. Pre-processing steps and an edge feature extractor are part of the feature-
based component to calculate predefined features from the raw data. On the other hand, the
learning-based component consists of an encoder-decoder network and a clustering sub-network.
The encoder-decoder network is designed to learn complex, hierarchical features directly from
the data, capturing intrinsic patterns and representations. The clustering sub-network further
processes these learned features, organising the data into two groups i.e. edge or non-edge.

Each of the components are described in detail in the following subsections in order of the flow
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Figure 3.2: Proposed network architecture for 3D edge detection from depth maps [11].

of data in the network as shown in Figure 3.2.

3.4.2 Pre-processing

Empty information patches is an issue that arises in the depth data captures by most of depth
sensors. Such an issue occurs from absorbing and reflective surfaces or shadows [57, 306].
Such empty patches can negatively impact the performance of edge detecting algorithms, since
points surrounding these empty patches exhibit abrupt discontinuities which leads to difficulties
in learning a threshold. To address this, a pre-processing algorithm has been designed that aims
to eliminate empty patches from the input depth maps. It is to be noted that the final output
of the network remains consistent with the original input depth map while excluding the empty
regions.

In the literature a variety of shadow removal algorithms have been discussed. A deep
learning-based method for completing a depth map was introduced by Zhang and Funkhouser
in [306], however, to support the depth map completion in this task, they utilised color images.
A low gradient regularisation algorithm for in-painting missing depth information was proposed

by Xue et al. [288]. Furthermore, Yang et al. developed a depth map in-painting approach using
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the geometry of light field epipolar plane images [294]. Despite their good performance, these
techniques are too slow for online or real-time applications. In addition, a morphology-based
algorithm was developed by Danciu et al. [57] to remove shadows from depth maps. This
work proposes a similar yet simpler shadow removal method that has been proposed for pre-
processing, which is outlined in Algorithm 1. The corresponding flow graph for the developed

method is depicted in the pre-processor stage of Figure 3.2.

Algorithm 1 Shadow filtering in depth maps.
Require: D, M R

Ensure: Filtered depth map D

:D=D

D=0

AN A A

end while

A max depth selection approach is designed for this method by employing a 3 X 3 size
max-pooling layer to extract the maximum depth value in local region of the depth map. The
pool size is designed to be analogous to the radius of the local region. The selection of pool size
for pre-processing is critical as a smaller pool size may provide improved resilience to noise but
may have a high processing time. Conversely, larger pool sizes perform faster operations but
may be greatly affected by the random noise in the data. Through the experimental analysis as
discussed in Section 3.6, the 3 x 3 filter size indicates a reasonable trade-off.

The inputs to the pre-processor include depth map and the shadow mask corresponding to
depth map. All the empty regions in the depth map are generated into a shadow mask. Initially,
the depth map goes through the max-pooling layer, and its output is element-wise multiplied
(®) with the mask. The element-wise addition (<) is then performed on the resulting map.
This process continues until no further changes occur. Once pre-processed, the depth map is
passed on to the next stage as input. The sample results of the performance of the proposed

pre-processor is shown in Figure 3.3, where the circles represent the shadow regions. The
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Figure 3.3: Affect of pre-processing process for 3D edge detection in two different scenes.

method achieves an average pre-processing time of roughly 20 — 30 ms per depth map.

3.4.3 Encoder-decoder architecture

As discussed in Section 2.1, extracting intrinsic features from the data has been extensively done
utilising an encoder-decoder deep network architecture [283, 142, 147]. In this work, a three-
stage network has been designed to learn features from the input depth map, using convolution
and deconvolution layers for the encoder and decoder respectively. Three side outputs, Sy, S»,
and S3, have been considered from the encoder to extract features at different scales, as shown
in Figure 3.2. The side output structure in the network is inspired from Holistically Nested Edge
Detection (HED) [284] learning-based method designed for 2D edge extraction.

For the encoder, a convolution layer-based three-stage network is designed with the data size
reducing the half in subsequent layers as compared to the previous layer. A kernel size of 3 X 3
with channel sizes of (16, 16, 16) are configured for each encoding layer. As the depth value
for the background is higher as compared to the foreground objects, pooling layers cannot be
utilised to reduce the size of the depth map in subsequent layers; instead a stride of 2 is utilised
after the convolution operation to achieve this task.

Each convolution layer is followed by a ReLLU activation function [9] to introduce non-
linearity. The output of each encoding layer is taken as a side output, which is then passed

through a convolution operation to generate a single-channel feature map. Learned features at
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three different scales, specifically 1x,0.5%,0.25x of the original depth map, are provided by
these side outputs. Edges at varying levels of abstraction are detected with the assistance of
these side outputs. The abstraction improves the detection of edges around object boundaries, a

benefit that has been analysed through experiments and discussed in Section 3.6.

A key distinction of the proposed method, compared to HED [284], is that this method
does not train individual side outputs independently; instead, deconvolution upscaling layers are
employed to fuse the side outputs, allowing the network to inherently learn essential features at
each scale. The encoded features are then decoded back to a map of the same size as the input by
upscaling through three deconvolution layers defined in the decoder. Each deconvolution layer
is configured with a kernel size of 3 X 3 and channels (16, 16, 1) in the corresponding layers.
The first two deconvolution layers use RelLU activation functions, while a sigmoid activation

function [189] is applied in the final layer.

To prevent overfitting and accelerate training, batch normalisation layers [116] are incor-
porated after the first and second deconvolution layers. As the expected output from the
encoder-decoder is intended to match the pre-processed input, self-supervised learning strategy
is employed to train the encoder-decoder network. MSE between the outputs O; and O, is
calculated using the pre-processed depth map D as the target, to calculate errors Q1 and Q2,
which is then minimised to perform the network learning. These two errors, also referred to as

losses, are calculated as:
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The encoder-decoder block layers are trained using the Q1 loss, to ensure generalise learning
from the training data. In contrast, the Q2 loss is employed to maintain the integrity of the input
scene structure in the side outputs during the learning process. The error gradients are then

back-propagated to train the encoder-decoder and multi-size split blocks.
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3.4.4 Edge feature extractor

The edge feature extractor is a non-learning feature extraction layer within the proposed network.
Specifically, it is employed to extract edge features from the multi-size side outputs of the
encoder-decoder. This layer has been designed to serve as a dynamic component of the overall
system, with the primary purpose of capturing application-specific features (such as corners,
texture, etc.) in addition to the learned features within the model. In this work, the layers have
been constructed to extract edge features.

A three-stage edge feature extractor is designed in the proposed method with stages: gradient
filter, edge thinning layer, and normalisation layer. The gradient filter layer has been imple-
mented as a convolution operation with two predefined kernel weights for height (H) and width
(W) direction. Sun et al. [245] discusses the various types of gradient kernels studied in the
literature to perform edge detection. In this work, four different kernels have been considered for
edge feature extraction: Sobel, Roberts, Prewitt, and Laplacian of Gaussian (LoG). A detailed
explanation of each of these kernels is provided in Appendix A. The proposed edge feature ex-
tractor consists of three stages: the gradient filter, the edge thinning layer, and the normalisation
layer. The gradient filter layer is implemented as a convolution operation with predefined kernel
weights for both the height (H) and width (W) directions in the depth map. In the literature,
multiple types of gradient kernels have been studied to perform edge detection [245]. In this
work, four different kernels are considered for edge feature extraction: Sobel, Roberts, Prewitt,
and Laplacian of Gaussian (LoG). A detailed explanation for each of these kernels is provided
in Appendix A.

The next stage of the feature extractor is the edge thinning layer. This layer has been designed
to filter out noisy edges detected by the gradient filter and to thin down the calculated gradients
around the edges. It has been implemented as a minimum-pooling operation with a kernel size
of 2, selected after careful analysis through experimentation. Finally, min-max normalisation is
applied to the extracted features to standardise the data. Normalisation is performed to facilitate
the clustering of edge and non-edge points in the next stage of the network. Edge features are

extracted for each of the side outputs of the encoder-decoder network to detect edges at different
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scales. These edge features at each side output are upscaled to match the input map size and

then fused together to produce a single edge-feature map as the output of this layer.

3.4.5 Learning-based clustering

The unsupervised classification of the network features into edge or non-edge points is facilitated
by the deep embedded clustering approach, employed in the proposed method. Stochastic
gradient descent-based learning is utilised to learn the cluster parameters by optimising the
cluster objective function. In this work, the extracted edge features are classified into edge
or non-edge points utilising k-means clustering, wherein features are associated with a cluster
mean learned for each class. As there are two classes i.e. edge or non-edge, clustering can be
categorised as a binary classification problem. Accordingly, the number of clusters has been
defined as two. The decision for each point in the edge feature map to associate with one of the
clusters is performed by calculating a soft probability utilising the Student’s t-distribution [161]

approach, as shown in the equation below.

a+l

v (1o —mlPfa)” T
i,j

(3.6)
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where i, j represents the coordinates of a point on the edge feature map and pl.’fj denotes the
soft probability for point at i, j belonging to the k-th cluster. In the proposed method, k € 1, 2,
where let if £ = 1, then k” = 2 and vice versa. The cluster means mj and my- are learned by
this layer. a represents the degree of freedom component in the probability calculation, directly
determining the impact of the Euclidean distance between the mean and a given point. In the
experiments, « is set to 1. The unsupervised learning is performed to learn the cluster means
using the Kullback-Leibler-Divergence (KL-Divergence) loss. KL-Divergence is a measure used
in probability theory and information theory to quantify the difference between two probability
distributions. Specifically, it measures how one probability distribution diverges from a second,
reference probability distribution. To facilitate this, a temporary target probability distribution

T is computed at the start of each epoch over the entire training set. The target distribution T
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comprises the current probabilities for each point in each sample of the dataset. It is calculated
at the beginning of each training epoch by accumulating the predictions of each sample without
back-propagation, before the commencement of the training iterations. During each iteration
within the epoch, the difference between the current distribution C and the target probability 7’

is computed using the KL-Divergence loss [139], as given in equation below,

KL =T «1log(T/C) (3.7)

Minimising KL-Divergence loss ensures that the current distribution closely approximates the
target distribution, thereby refining the model’s predictions. In the context of edge detection, this
helps in maximising the separation between edge and non-edge point distributions, improving
the accuracy and robustness of the model. Gradients derived from the KL-Divergence loss are
back-propagated through the network to update model parameters during training. Therefore,

the total loss used for training the network is given by,

L=KL+L{+L, (38)

The clustering layer produces an edge map where each point is classified as either an edge or
non-edge based on the soft probabilities. The deep embedded clustering technique is adopted
from the work by [283], where the clustering of features is optimised by minimising the change
in clusters over multiple epochs. Assuming that the objects are predominantly present in the
centre of the sensor view, a centred masking layer is considered before the clustering layer. This
masking layer selectively focuses on the central region of the depth map, where the objects of
interest are most likely to be located, while ignoring the peripheral areas that are more likely
to contain background noise. By doing so, unwanted background noise is removed from the
features before performing clustering. This step helps to enhance the quality of the features that

are fed into the clustering layer, leading to more accurate and robust edge detection.

It should be noted that this masking is optional and is mainly employed for experimental

purposes to assess its effectiveness in various scenarios. The centred masking layer is not
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an integral part of the network, and its inclusion or exclusion does not fundamentally alter
the network’s architecture or its core functionality. Instead, it serves as an additional tool to
potentially improve performance in cases where the central region assumption holds true. During
the experiments, it is observed that the use of the centred masking layer can lead to improved
clustering results by reducing the impact of irrelevant background features, as discussed in
Section 3.6. However, in real-world applications where objects may not always be centred, this
layer may be omitted without significantly affecting the overall performance of the network.
By providing flexibility in the network design, the optional nature of the centred masking layer
allows for adaptability to different datasets and operational conditions. This flexibility ensures
that the network can be tailored to specific use cases, maximising its effectiveness in diverse

environments.

3.4.6 Network model discussion

The proposed network model was developed after conducting multiple experiments on various
layer configurations to optimise performance and generalisation capabilities. Initially, a simple
network architecture was considered with a single-layer feature extractor and clustering mech-
anism to detect edges in the depth maps. This straightforward network performed the task to
some extent but failed to generalise for the variations in the 3D data. Specifically, edges were
captured with less accuracy around the structure of objects, leading to suboptimal performance
in edge detection.

To address these limitations, encoder-decoder layers with three side outputs were integrated
before the feature extraction layer. The encoder-decoder architecture is well-known for its ability
to learn hierarchical features at multiple scales, which is essential for handling the complexity
of 3D data. The inclusion of three side outputs allowed the network to capture detailed edge
information at different levels of abstraction, thereby improving the overall edge detection
around object structures. Although the learning of the three side outputs could be performed
individually, it was decided to combine them into the original image size to avoid additional

processing overhead. This combination was achieved by experimenting with both upscaling
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and deconvolution operations. During these experiments, it was observed that upscaling the
smaller scale side outputs led to poor feature learning. Conversely, deconvolution proved to be
effective in learning features from the side outputs, as it could better retain the spatial information
necessary for accurate edge detection.

In the edge feature extractor, the kernel size of the edge thinning layer was selected empirically
after testing multiple kernel sizes 1, 2,5, 7. Using a kernel size of 1 meant that no edge-thinning
operation was applied. While this approach preserved all gradients, it made the network highly
vulnerable to noise, leading to a decline in performance. Higher kernel sizes of 5 and 7 caused
some essential gradients to vanish, leading to incomplete edge detection. Through this empirical
testing, a kernel size of 2 was found to be optimal, balancing the reduction of noise and the
retention of critical edge information.

The merging of edge features extracted from the side outputs was another crucial decision
point. Both upscaling and deconvolution were considered for this purpose. Ultimately, upscaling
was selected for merging edge features because it preserved the gradient values in the merged
image, which is critical for subsequent clustering operations. By maintaining the integrity of the
gradients, the network could perform more accurate clustering, leading to better edge detection
results.

In summary, the final network architecture, as presented in Figure 3.2, was chosen after
extensive experimentation and analysis. This design includes encoder-decoder layers with side
outputs, deconvolution operations for upscaling, and an empirically chosen kernel size for the
edge thinning layer. The next section discusses the detailed evaluation results, demonstrating
the effectiveness of the proposed design in achieving robust and accurate edge detection in 3D

data.

3.5 Experimental results

The effectiveness of the developed approach is demonstrated across noiseless and real-world

noisy sensor data through experiments on five benchmark datasets. Four State-Of-The-Art



3.5. Experimental results Chapter 3. Unsupervised 3D edge feature extraction

methods: Choi et al. [46], fast edge [29], Sung et al. [246], and JSENet [112] are considered for
performance comparison. Major analysis is performed by evaluating the point cloud registration
accuracy for the detected edge points onto the object model cloud. The performance analysis is
systematically divided into two parts: single object analysis and multi-object analysis. For both
parts, the accuracy and robustness of the detected edges is assessed through pose registration

and F-measure comparison analysis.

3.5.1 Dataset description

Tejani et al. [251], T-LESS [108], PartNet [181], NYU [190], and MvTech-ITODD [67]
are the five benchmark datasets utilised in this work for evaluation. The Tejani et al. [251]
dataset provides noise-free synthetically generated depth maps for various household objects.
Real-world depth sensor captured data for single and multi-object scenarios featuring industrial
objects is provided by the T-LESS [108] dataset. The PartNet [181] dataset comprises object
model clouds with part segmentation labels, which are then exploited to generate 3D edge ground
truth labelled depth maps for experimental analysis. 464 multi-object indoor scene depth maps
are provided in the NYU [190] dataset, including high occlusions and noise. The MvTech-
ITODD [67] dataset provides high-definition real-world multi-object depth maps depicting
industrial objects.

5000 and 500 depth maps distributed across different objects and scenes are utilised for
training and testing respectively for the single object analysis from Tejani et al., T-LESS, and
PartNet datasets. For multi-object scene analysis, 1200 and 250 depth maps are considered for
training and testing from T-LESS multi-object and the NYU dataset. From MvTech-ITODD
dataset, 800 depth maps were utilised for training and 150 depth maps are considered for testing.
The training and testing sets are mutually exclusive to ensure unbiased evaluation.

For detailed analysis, specific objects were selected: from the Tejani et al. dataset Milk,
Camera, Joystick, Juice Carton, Cup, and Shampoo; objects with ID-numbers 2, 5, 8, 17, and
27 from the T-LESS dataset; Bowl, Bottle, Knife, Scissors, and Mug from the PartNet dataset.

Additionally, all 464 scenes from the NYU dataset and all 28 objects from the MvTech-ITODD



Chapter 3. Unsupervised 3D edge feature extraction 3.5. Experimental results

dataset are used.

3.5.2 Experimental setup

Tensorflow [1] library is utilised to implement the proposed network in Python. A single Nvidia
Tesla P100 GPU is utilised to train the network. During training, 32 Giga-Byte (GB) of Random
Access Memory (RAM) and 16 GB of Graphics Processing Unit (GPU) resources are utilised
by the proposed network. While the inference model requires less than 2 GB of GPU memory
and 4 GB of RAM. The high RAM requirements are due to the intensive calculation of the target
distribution, which can increase with larger datasets. The network trains in approximately 4 hours
for the depth map size 640 x 480. The network inference time (including the pre-processing) is
about 60-80 milliseconds, without including the depth map loading time.

Ae, Ay, and Ay represents the threshold values defined for Choi et al. [46], Fast Edge
[29], and Sung et al. [246] methods, respectively. Each threshold comprises two values.
Depth discontinuity and maximum neighbour search are the two values represented by A.. Ay
comprises depth step factor and minimum edge angle threshold. The first value in A is sigma
in colour space and the second value is sigma in coordinate space for the smoothing filter. The
values for these thresholds is selected based on the empirical study of the performance of the
respective methods on a subset of considered datasets. For this study, threshold values are
selected from the range of values provided in their respective works [46, 29, 246]. The final
thresholds are selected based on their average performance over all the objects in the respective
datasets. JSENet [112] is trained for 200 epochs using the training parameters as provided in

[112], on PartNet [181] and NYU [190] datasets.

3.5.3 Evaluation metrics

Pose registration and F-measure metrics are utilised to evaluate and compare the performance
of the proposed method with SOTA approaches. Pose registration is achieved by aligning the
detected edge points with the corresponding 3D object model, utilising the RANSAC algorithm.

A homogeneous transformation matrix is obtained through registration, from which rotations
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and translations are extracted for further evaluation.

The following performance metrics are computed for quantitative analysis:

1. ||A||f: Frobenius norm of the difference between the registered and ground truth trans-

formation matrices.
2. R.,,: Rotation error.
3. T,,,: Translation error measured as the Euclidean distance.

4. Zg: Average Distance (ADD) of two model points transformed by the registered transfor-

mation and ground truth transformation, respectively.

Additionally, for the datasets with available labelled ground truth edge data i.e. PartNet [181]
and NYU [190] datasets, the accuracy of the proposed method is assessed using the F-measure
metric. F-measure is calculated utilising the soft precision and recall metrics, based on the
distance thresholds between predicted and ground truth edge points. The distance threshold
used to calculate soft precision and recall is set to one neighbour point distance in all directions.

Smaller values for the metrics ||A||r, Rerr, Terr, and Zg indicate better performance,
demonstrating closer alignment to the ground truth pose. Whereas, larger values indicate
higher accuracy for the F-measure, soft precision, and recall metrics. Appendix A presents the
mathematical calculation for each of the metrics utilised for analysis of the proposed method.
All metrics are calculated for each sample in the test set. It should be noted that the results
presented for qualitative analysis are chosen based on the optimal performance of the proposed

method, without considering the performance of the compared methods.

3.5.4 Comparison analysis: single object scenes

Tables 3.1, 3.2, and 3.3 summarises the pose registration analysis for the Tejani et al. [251],
T-LESS [108], and PartNet [181] datasets, respectively. The effectiveness of the proposed
method is further showcased in Figure3.4 for selected sample objects from all the datasets. The

performance of JSENet is exclusively evaluated on PartNet dataset as it requires labelled data
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for training. Table 3.4 presents the precision, recall, and F-measure score analysis of all the

compared methods over the entire PartNet dataset.

Table 3.1: Analysis of 3D edge detection method with Tejani et al.[251] dataset for pose registration

metrics.

M ObjeCt | |A| |F R Terr Zg
_ Joystick 2.42+0.64 2.13+0.74 0.66+0.26 0.11+0.05
5 Juice 2.54+0.54 2.31+0.68 0.65+0.24 0.09+0.04
§ Milk 2.27+0.73 2.01+0.84 0.58+0.26 0.10+0.06
.g Camera 2.33+0.73 2.09+0.85 0.60+0.28 0.05+0.03
! Cup 2.30+0.63 1.98+0.72 0.59+0.24 0.06+0.03
Avg. 2.37+0.65 2.10+0.76 0.62+0.26 0.08+0.04
_ Joystick 2.42+0.58 2.08+0.69 0.70+0.27 0.10+0.05
Q Juice 2.48+0.64 2.25+0.77 0.67+0.26 0.09+0.02
go Milk 2.24+0.78 1.99+0.88 0.56+0.26 0.09+0.06
= Camera 2.58+0.56 2.39+0.70 0.68+0.26 0.06+0.03
& Cup 2.43+0.56 2.13+0.69 0.64+0.22 0.06+0.03
Avg. 2.43+0.62 2.17£0.74 0.65+0.25 0.08+0.04
= Joystick 2.46+0.53 2.17+0.68 0.62+0.28 0.11£0.03
S Juice 2.30+0.56 2.00+0.70 0.47+0.23 0.08+0.02
= Milk 2.49+0.53 2.21+0.67 0.64+0.27 1.11+0.03
fﬁ Camera 2.32+0.59 2.05+0.74 0.5+0.23 0.05+0.01
= Cup 2.29+0.58 2.00+0.73 0.45+0.21 0.06+0.02
- Avg. 2.33+0.57 2.03+0.72 0.55+0.21 0.060.02
Joystick 2.46+0.47 2.19+0.64 0.53+0.20 0.10+0.05
o Juice 2.44+0.50 2.18+0.67 0.53+0.20 0.08+0.04
3 Milk 2.49+0.52 231+ 0.71 0.50+0.20 0.11+0.05
S Camera 2.50+0.48 2.27+0.66 0.56+0.17 0.05+0.02
& Cup 2.47+0.48 2.24+0.65 0.47+0.17 0.06:0.02
Avg. 2.47+0.49 2.23+0.66 0.52+0.18 0.07+0.03

Tejani et al. dataset The proposed method perform comparably to Choi et al. [46], Fast
Edge [29], and Sung et al. [246], while achieving the best performance in translation error
T, for most of the objects. On average, a higher standard deviation is observed for the three
compared methods, demonstrating that manually selected thresholds are sub-optimal for all the
depth maps in the dataset and require fine-tuning. From Figure 3.4, it is observed that Choi et
al. [46] method is unable to detect all the edges effectively. While Sung et al. [246] mistakenly

identify surface points as edges for multiple objects. In contrast, the developed method detects
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the object edges accurately, demonstrating its ability and efficiency in estimating 3D edges. For

this test, the thresholds A. = (0.05,50), Ay = (0.05,40), and A, = (75,75) were used.

Table 3.2: Analysis of 3D edge detection method with T-LESS [108] dataset for pose registration metrics.

M Obj'ID | |A| |F Rerr Terr Zg
—_ 2 2.53+0.53 2.19+0.65 0.79+0.33 0.02+0.01
§ 5 2.45+0.77 2.19+0.87 0.80+0.37 0.04+0.02
Es: 8 2.43+0.91 2.28+0.99 0.77+0.40 0.08+0.05
.g 17 2.32+0.81 2.03+0.89 0.74+0.40 0.05+0.03
S 27 2.47+0.80 2.27+0.91 0.80+0.39 0.08+0.04
Avg. 2.44+0.76 2.19+0.86 0.78+0.38 0.05+0.03
_ 2 2.57+0.47 2.18+0.61 0.90+0.30 0.02+0.01
& 5 2.55+0.55 2.19+0.66 0.87+0.33 0.04+0.01
go 8 2.60+0.79 2.42+0.86 0.89+0.40 0.08+0.05
H 17 2.46+0.66 2.12+0.76 0.84+0.36 0.05+0.02
[i@ 27 2.50+0.76 2.26+0.86 0.85+0.40 0.08+0.04
Avg. 2.53+0.65 2.23+0.75 0.87+£0.36 0.05+0.02
= 2 2.53+2.72 3.14£3.0 0.76+2.74 0.03+0.01
& 5 2.64+3.14 2.24+0.71 0.80+3.19 0.04+0.01
= 8 2.52+1.65 3.14+3.0 0.68+1.62 0.08+0.02
?D 17 2.55+1.78 2.26+0.70 0.69+1.76 0.05+0.01
5 27 2.65+3.68 2.16+0.72 0.86+3.74 0.08+0.02
- Avg. 2.58+2.59 2.59+1.63 0.76+2.61 0.06+0.01
2 2.56+0.51 2.20+0.68 0.90+0.28 0.02+0.01
g 5 2.51+0.63 2.20+0.75 0.84+0.33 0.04+0.02
8 8 2.55+0.86 2.40+0.93 0.87+0.38 0.08+0.05
@ 17 2.33+0.80 2.02+0.88 0.80+0.37 0.04+0.02
a 27 2.49+0.72 2.24+0.84 0.84+0.36 0.08+0.04
Avg. 2.48+0.70 2.21+0.81 0.85+0.34 0.05+0.02

T-LESS dataset The proposed method demonstrate comparable pose registration performance
to all the compared methods for all the objects. It achieved the best results with ADD Z g metric.
These results indicate that the developed method achieve satisfactory performance for noisy
real-world data without any manual parameter tuning, as required by the compared methods.
Figure 3.4 further verify this with the proposed method demonstrating substantially better edge
detection and efficiently avoided detected edges at nearby noisy regions. Fast Edge [29] and
Sung et al. [246] detects the object edges but also detects edges on the background noise, such

as edges at the shadow boundary. While Choi et al. [46] is unable to detect edges on the lower
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side of the objects. For this test, thresholds 4. = (0.02,30), A7 = (0.02,30), and A, = (75,75)
were used. A zoom-in region is displayed at the top right corner of each image to highlight the

important comparison details for T-LESS dataset.

Table 3.3: Analysis of 3D edge detection method with PartNet [ 181] dataset for pose registration metrics.

M | Object A1z R.,, T., Z
— Knife 3.06+1.14 2.15+0.97 1.84+1.27 2.49+0.56¢1
E Scissors 2.75+1.19 2.04+1.09 1.54+1.13 7.01+0.58el
Es: Bowl 3.05+0.81 2.16+0.70 1.74+1.06 9.78+1.08el
.g Bottle 2.99+1.07 2.09+0.81 1.69+1.29 8.61+0.80el
S Mug 2.98+0.77 2.15+0.70 1.66+0.97 1.11e1+1.63el
Avg. 2.96+0.99 2.12+0.70 1.69+1.14 7.79+0.93el
. Knife 2.69+1.31 1.83+1.13 1.65+1.22 1.63+0.23el
& Scissors 2.71+1.10 1.96+1.05 1.50+1.08 7.04+0.79¢1
_gn Bowl 2.99+0.84 2.15+0.70 1.65+1.04 1.10e1+3.09¢1
H Bottle 2.62+0.88 2.01+0.86 1.24+0.90 9.58+1.98¢l
[_c;@ Mug 2.87+0.80 2.09+0.75 1.55+0.93 1.35e1+2.81el
Avg. 2.77+0.98 2.00+0.89 1.52+0.70 8.55+1.78el
Knife 1.47+1.36 1.54+1.50 0.14+0.24 0.75+0.17el
CE Scissors 1.74+1.27 1.77+1.41 0.24+0.32 6.27+0.95¢1
% Bowl 1.89+0.86 1.64+0.92 0.25+0.2 8.31+1.42¢l
% Bottle 2.03+0.87 1.85+0.99 0.24+0.22 1.24e1+2.68el
2 Mug 1.85+1.60 1.68+1.16 0.29+1.24 1.01e1+1.14el
Avg. 1.79+1.19 1.69+1.19 0.23+0.44 7.56+1.27¢l
=) Knife 2.23+0.65 2.02+0.77 0.40+0.17 5.3+2.7el
& Scissors 2.31+0.63 2.14+0.77 0.4+0.16 6.2+2 .4el
= Bowl 2.29+0.56 2.08+0.71 0.38+0.17 9.4+2.7el
Ei) Bottle 2.26+0.60 2.03+0.72 0.39+0.18 7.2+2.6¢el
g Mug 2.17+0.68 1.96+0.79 0.38+0.16 8.0+2.6el
h Avg. 2.24+0.63 2.03+0.76 0.39+0.17 7.4+3.0el
Knife 1.45+1.37 1.54+1.50 0.10+0.14 0.72+0.15¢1
- Scissors 1.72+1.22 1.73+1.38 0.22+0.24 5.44+0.62¢l
% Bowl 1.75+1.00 1.49+0.95 0.24+0.55 8.12+1.38el
& Bottle 1.93+0.96 1.77+1.06 0.23+0.26 1.09+3.76el
& Mug 1.53+1.20 1.46+1.26 0.16+0.14 8.27+1.20el
Avg. 1.67+1.15 1.59+1.00 0.19+0.26 6.69+1.42¢l

PartNet dataset The proposed method demonstrates outstanding performance against all the
compared methods for mean error. It also achieve robust performance for translation and ADD

errors with low standard deviation. As shown in Figure 3.4, Choi et al. [46] is not able to detect
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Figure 3.4: Single object scenes analysis of the 3D edge detection method with Tejani et al. [251], T-LESS[108], and PartNet [181] datasets.
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Table 3.4: F-measure performance analysis with PartNet [181] dataset for 3D edge detection method.

Method Choi et al.[46] JSENet[112] Fast Edge[29] Sung et al.[246] Proposed

Precision” 0.16 0.08 0.63 0.37 0.82
Recall” 0.19 0.20 0.90 0.84 0.84
F-measure” 0.14 0.10 0.72 0.48 0.81

* Larger values indicate better performance

all the edges. Further, non-edge point on the object surface are marked as edges by JSENet [112]
and Sung et al. [246] methods. Fast Edge [29] exhibit similar performance to the proposed
method and detect edges closely matching to the ground truth. This is further evidenced in Table
3.4, where high precision and F-measure accuracy is achieved by the proposed method while
also showing comparable recall performance to the Fast Edge [29] method. The experiments

were conducted using thresholds 4. = (0.02,40), A = (0.02,40), and A, = (75,75).

3.5.5 Comparison analysis: multi object scenes

Tables 3.5 and 3.6 presents the edge detection results for multi-object scenes from the T-LESS
[108], MvTech-ITODD [67], and NYU [190] datasets. The detected 3D edges for all the
compared methods (except JSENet [112]) are illustrated in Figure 3.5 and 3.6 for various scene
from T-LESS and MvTech-ITODD datasets. The 3D edge detection performance for NYU
[190] dataset are displayed in Figure 3.7 for all the methods. With the presence of multiple
objects in a single scene, the pose registration analysis was performed by calculating the average
performance of all the objects in a single scene. The edge estimation is performed for the
whole scene and then individual object edges are segmented using the provided ground truth
masks. These results clearly validate the suitability of the proposed method for (unstructured)
multi-object scenarios. Experiments were conducted using 4. = (0.02,40), A5 = (0.05, 40),

and A; = (75,75).

T-LESS multi-object scenes The developed 3D edge detection method outperforms all the
compared methods for all the pose registration metrics. Further from Figure 3.5, it is observed

that Sung et al. [246] is affected by the shadow regions and only detects edges around them.



3.5. Experimental results Chapter 3. Unsupervised 3D edge feature extraction

Depth Map Proposed Choi et al. Fast Edge Sung et al.

Scene 2 Scene 1

Scene 3

T-LESS Multi-Object

Figure 3.5: Multi-object scenes analysis with T-LESS[108] for 3D edge estimation method.

Choi et al. [46] only detects partial edges on the objects, while Fast Edge [29] show noise
sensitivity and detects nearby noise as edges. In contrast, clear object 3D edges are detected by

the developed method with robustness towards noise and shadow regions.

Table 3.5: Multi-object scenes performance analysis of 3D edge detection method with T-LESS[108]
and MvTech-ITODD [67] datasets.

Method T-Less[108] MvTech ITODD[67]

ctno E3 E3 E3 E3 E3 E3 E3 E3
”AHF Rerr Terr ZE ||A||F Rerr Terr ZE

Proposed 221 185 0.82 0.046 | 245 2.10 0.69 0.044

Choi et al.[46] 231 193 090 0.044 | 2.53 227 0.71 0.047
Fast Edge[29] 241 2.03 094 0.047 | 2.80 2.54 0.72 0.058
Sung et al.[246] | 2.23 191 0.85 0.048 || 2.52 220 0.79 0.051

* Smaller values indicate better performance

MvTech-ITODD scenes Quantitatively, the developed method demonstrates outstanding per-
formance across all metrics when compared to other methods. This superiority is evident in
the numerical results, where our approach shows significant improvements, highlighting its
effectiveness in various challenging scenarios. Qualitatively, as illustrated in Figure 3.6, the
limitations of existing methods become clear. For instance, the method proposed by Choi et al.
[46] fails to detect any edges in certain samples, which significantly compromises the reliability
of edge detection in those cases. Similarly, the approach by Sung et al. [246] inaccurately
detects edges within shadow regions. Fast Edge [29] struggles with noise in real-world data,

often misidentifying surrounding noise as edges. In contrast, the proposed method excels in
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edge detection and pose registration, delivering superior performance that is both noise-resilient
and precise in delineating object boundaries.
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‘e,
¢k
LNy

Scene 1

Scene 2

Scene 3
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Figure 3.6: Multi-object scenes analysis with MVTech-ITODD [67] for 3D edge estimation method.

NYU scenes In NYU [190] dataset, ground truth pose information for the different objects in
the scene is not provided. Hence, pose registration analysis is not performed for this dataset.
However, F-measure based analysis is performed for all the methods. Table 3.6 summarises the
performance of all the methods and it is observed that the proposed method outperforms all the
other methods, indicating generalised learning for unseen samples with precise edge detection.
The samples shown in Figure 3.7 further reflects the reliable performance of the proposed
method. Choi et al. [46] and Fast Edge [29] are affected by the noise and mark flat regions also
as edges. Sung et al.[246] detects few partial edges in the scene, while JSENet [112], despite
being a supervised learning method, detects fragmented and incomplete edges. Overall, the
proposed method outperforms all compared methods for multi-object scenes without requiring

labelled data or parameter tuning.

Table 3.6: F-measure analysis using ground truth edges with NYU[190] dataset for 3D edge estimation
method.

Method Choi et al.[46] JSENet[112] Fast Edge[29] Sung et al.[246] Proposed

Precision” 0.31 0.48 0.33 0.61 0.59
Recall” 0.39 0.24 0.34 0.01 0.44
F-measure” 0.33 0.38 0.31 0.02 0.49

* Larger values indicate better performance
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Figure 3.7: Multi-object scenes analysis with NYU[190] for 3D edge estimation method.

3.6 Contribution study

This section presents the effectiveness of different components of the proposed edge detec-
tion method through rigorous analysis and critical discussion. The network’s computational
complexity is also comprehensively evaluated to access its efficacy. Additionally, the practical
applicability and robustness in diverse environments is highlighted via real-world performance

of the method.

3.6.1 Generic network structure

In the proposed network architecture, the feature extraction layer is designed to be generic and
can be modelled to identify different features. This generic property of the feature extraction
layer is validated over a variety of edge feature extractors. Sobel, Roberts, Prewitt, and Laplacian
of Gaussian (LoG) [13] are the four different gradient kernels considered in the proposed work
as individual edge feature extractors and the performance is analysed. Figure 3.8 depicts the
performance of the proposed method with these edge feature extractors. LoG filter is observed
to be susceptible to noise and is unable to detect all edges. Overall, the best performance is
demonstrated by the Sobel filter across all the considered datasets. In another test, a model was
trained concatenating all the four kernel features for clustering. Through analysis, it is observed
that there was no impact on the networks performance. It is worth noting that all the kernels

extract gradients from the depth map and collectively provide similar types of features, hence
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concatenating them had no impact on the prediction.

Depth Map Sobel Roberts Prewitt

T-LESS
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Figure 3.8: Qualitative analysis of the 3D edge detection method with different edge feature extractors.

3.6.2 Benefit of automatic parameter Selection

Automatic threshold selection is one of the key features of the developed method which supports
towards achieving generality to the data. To validate this, the effect of threshold on the perfor-
mance of Choi et al. [46] and Fast Edge [29] is evaluated for two different threshold values for
each method respectively. 4.1 = (0.05,50) and 1., = (0.02, 30) are used for Choi et al. and for
Fast Edge, A7 1 = (0.05,40) and 47> = (0.02,30) are used. The threshold values for both the
methods are selected based on the results reported in [46] and [29], respectively. From Figure

Choi et al. Fast Edge
Depth Map Proposed (M) (A2) (A1) (A2)

.00 @
B S

Figure 3.9: Affect of manual threshold selection on the performance of Choi et al. [46] and Fast Edge [29]
as compared to the proposed 3D edge detection method.

3.9, it is observed that both the Choi et al. is significantly affected by small variations in the
threshold values. Whereas, Fast Edge has no effect in its performance due to threshold change

and still detects noise as edges in the scene. The proposed method, after learning the threshold
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via unsupervised learning, showcased comparable performance to the best results of the SOTA

methods.
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Figure 3.10: Affect of Pre-processing on the performance of the proposed 3D edge detection method.
3.6.3 Need for pre-processing

As previously discussed in Section 3.4.2, empty shadow regions in the depth maps impacts the
edge extraction process. This particularly is observed when data is captured using a real depth
sensor. The effect on the 3D edge detection performance due to shadows and effectiveness of the
pre-processing approach are discussed here. From Figure 3.10, it is observed that when edges
are detected without pre-processing, they are primarily centered along the shadow regions, due
to the high depth variations at these points. However, actual object boundary edges are not
detected. Conversely, with pre-processing, the proposed method detects correct edges on the

object boundary rather than in the shadow regions.

3.6.4 Effects of edge thinning

A key operation in the edge feature extractor layer is edge thinning. In this, a minimum pooling
kernel is applied to the edge features to thin down the extracted gradients around the edges and
to remove unwanted noise. As shown in Figure 3.11, when a larger kernel size is utilised in
edge thinning, the detected edges are incomplete or borken. While when smaller kernel size
is considered, background noise affects the performance of the system. After multiple tests by

experimentation, a kernel size of 2 was selected for all previously reported experiments.
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Figure 3.11: Impact of the kernel size in edge thinning layer on the 3D edge detection network perfor-
mance.

3.6.5 Encoder-decoder requirement

An encoder-decoder-based feature extraction is performed in the proposed method, before ex-
tracting the edge features. It is utilised to learn intrinsic features from the depth maps, with an

With Without
Depth Map Encoder-Decoder Encoder-Decoder

eall T

@ @

Scene 2 Scene 1

Scene 3

Figure 3.12: 3D edge detection performance analysis with and without encoder-decoder module evaluated
on T-LESS [108] multi-object dataset.

aim to make the system robust towards input variations. To validate the utilisation of feature
extractor, a separate network, without the encoder-decoder is trained for T-LESS [108] multi-
object dataset. Analysis of the results, as shown in Figure 3.12, reveals that the method detects

partial edges and have inconsistent performance when encoder-decoder is not utilised. This is
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due to the variations in dataset which caused the method to learn inconsistent thresholds. This
underscores the importance of incorporating the encoder-decoder in the proposed method for

generic feature learning.

3.6.6 Analysing the effect of central masking

As discussed in Section 3.4.5, central masking is an optional layer utilised before clustering
to filter out the background noise which may contain abrupt depth variations. The effect of
central masking on the network performance is analysed by performing experiments with and
without this layer. From the experiments, it is observed that for MvTech-ITODD [67] dataset,
no variation in the proposed methods performance is observed, with or without central masking.
This is due to filling out of all the noise in the depth map by the pre-processor. However, for the
T-LESS [108] dataset, abrupt depth changes due to background noise were detected as edges
in few instances, when central masking is not utilised. Nevertheless, removing central masking

had only a minimal effect on the overall edge detection performance.

Depth Map W|th Central Mask Wlthout Central Mask
i
h ' @%% ‘7

Figure 3.13: Effects on the 3D edge detection performance for central masking layer.

3.6.7 Generalisation to new data

The adaptability of the trained model to entirely new scenes is verified by analysing the per-
formance of a trained model using the Stefan et al. [103] dataset. Two set of experiments
were conducted for real-world multi-object scenes: one without fine-tuning ("Edge — NF") and
the other with fine-tuning ("Edge — F"). 100 randomly selected depth maps are utilised for

evaluation in each case. For "Edge — F", the model was fine-tuned for 20 epochs. The results for
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four different scene are shown in Figure 3.14. It is observed that both "Edge — NF" and "Edge
— F" performed comparably, with "Edge — F" demonstrating slightly better performance due to
the additional fine-tuning. These results showcase the generalisation capability of the proposed
method, to detect edges for a completely new dataset, without requiring any additional training

or parameter tuning.

Depth

Edge -- NF

Edge -- F

Figure 3.14: 3D edge detection performance with previously unseen Stefan et al. [103] dataset for four
different scenes. "Edge — NF" represents the results when no fine-tuning is performed, while "Edge — F"
are with fine-tuning of a trained model.

3.6.8 Why 2D edge detectors are not suitable?

A common question arises when depth maps are used for edge detection: why are traditional 2D
edge detectors unsuitable for this task? To clarify this, tests were conducted using popular 2D
edge detectors, specifically Canny [33] and Sobel [128], and their performance was compared
with the proposed 3D edge detector. The results, as shown in Figure 3.15, clearly demonstrate
that 2D detectors do not perform effectively on depth maps. The primary reason for this is that
2D edge detectors interpret pixel values in an image as intensity values. When applied to depth
maps, they treat the depth values as intensities and thus detect edges where there are visible
intensity discontinuities, rather than focusing on depth discontinuities. Since 2D edge detectors
do not account for the 3D organisation of points, they tend to incorrectly identify points outside
the object boundary as edge points. This behaviour is evident in the figure, where the Sobel

2D detector primarily detects edges around empty regions rather than along the actual object
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Figure 3.15: Performance comparison of the proposed 3D edge detection method with Canny [33] and
Sobel [128] 2D edge detectors.

boundaries.

While the Canny 2D edge detector performed better than Sobel, the detected edges were often
disconnected, and surface intensity variations were sometimes mistakenly identified as edges. In
cases where surface variations were indistinguishable, such as with the MvTech-ITODD dataset,
the 2D methods failed to detect object edges altogether.

This analysis clearly indicates that 2D methods do not consider the 3D information embedded
in a depth map, resulting in broken edges along object boundaries or the detection of edges where
depth information is absent. This underscores the necessity for a reliable 3D edge detector, such

as the one proposed in this paper.

3.6.9 Complexity analysis

Conventional 3D edge detectors typically work by convolving a mask of size M to estimate the
gradients in all directions. For 3D data of size (X XY X Z), convolving with a mask of size
(M x M x M) requires O (M? « size(X) = size(Y) = size(Z)) operations [182]. If the data is
dense, this complexity is even higher, which restricts the size of the mask to be used for different
sizes of data and compromises the accuracy of edge estimation. In contrast, the computational
complexity of the proposed inference model is calculated to be O(HW + H + W), where W and
H represent the width and height of the input depth map, respectively. The full derivation can be

referenced in Appendix A. This calculation considers the total number of operations performed
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in different layers, and since the complete model is not required at the time of inference, the
complexity is calculated using only the layers necessary for inference, including the encoder
layers, multi-size split layers, edge feature extractor layers, upscaling and merge, and clustering

layer.

Table 3.7: Inference times for 3D edge detection methods.

Method Time (ms)
Choi et al. [46] 100 - 120
Fast Edge [29] 60 — 80
JSENet [112] 80 — 100
Sung et al. [246] 70 —90
Proposed 60 — 80

Table 3.7 compares the inference times of the proposed method with those of compared
approaches. The results indicate that Choi et al. [46] and JSENet [112] exhibit relatively high
inference times, rendering them less suitable for real-time applications. In contrast, Sung et
al.[246] and Fast Edge[29] achieve real-time performance in edge detection. The proposed
method demonstrates an inference time of approximately 60 — 80ms, aligning with the speed
of Fast Edge and confirming its suitability for live imaging applications. To validate this, the
method was used to detect edges for live acquisition of depth maps using an Intel RealSense 3D

camera. Figure 3.16 shows screenshots captured for two different scenes during this process.

Scene-1 __Scene-2

Figure 3.16: Screenshots representing the 3D edge detection from a live camera feed.
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3.7 Summary

In this chapter, a method for 3D edge detection in depth maps is proposed. A deep learning-based
network architecture is designed, consisting of three stages: i.e., encoder-decoder, edge feature
extractor, and clustering. Initially, intrinsic features are learned from the input at three different
scales by the encoder-decoder. The output from each of these scales is then passed to the edge
feature extractor layers, which learn edge-specific features at these scales. The extracted edge
features are subsequently combined and passed to the clustering layer, where each point in the
depth map is clustered into either edge or non-edge classes. The overall network is trained in an
unsupervised manner by learning probability distributions for both classes, thereby achieving
independence from labelled data requirements.

It was observed that the input data from real-world sensors contained empty information
patches, which affected the performance of the edge detector. To address this issue, a max-
pool-based pre-processing algorithm is proposed to in-paint the missing depth information. The
performance of the proposed method is evaluated on five benchmark datasets with both single and
multi-object scenes. Pose registration and F-measure metrics are used for quantitative analysis,
while visual results are provided for qualitative analysis. The proposed method is compared
with four state-of-the-art methods from the literature, demonstrating competitive performance
without the need for manual threshold fine-tuning or labelled data. A contribution study is also
conducted, analysing the different aspects of the proposed method along with a computational
complexity analysis.

The detected 3D edge features offer distinct geometrical characteristics of the objects, which
can be utilised for numerous tasks. One of the key requirements in autonomous robots is the
ability to understand the pose of objects in a scene. In the next chapter, a method for estimating
the 6-DoF pose of an object is presented. The method is designed as an unsupervised approach

that utilises detected 3D edges as input to predict the pose of an object in the scene.



Chapter 4

3D Edge-based object pose estimation

4.1 Introduction

Pose estimation is a critical component in understanding and interacting with the environment,
playing a vital role in a variety of applications such as robotic grasping [6], visual servoing [4],
augmented reality [166], autonomous driving [136], and object manipulation [118]. Essentially,
pose estimation involves determining an object’s spatial position and orientation, encompassing
both its location and angular alignment in space. These parameters are organised into a trans-
formation matrix, which mathematically represents the relationship between the object’s own

coordinate system and the world frame

The importance of pose estimation spans numerous industries and sectors. In manufacturing,
for example, precise pose estimation allows automated systems to handle objects with exceptional
accuracy, ensuring smooth and efficient assembly line operations. In healthcare, it facilitates the
exact positioning of medical instruments or devices during surgeries or diagnostic procedures,
thereby enhancing precision and safety. The energy sector also reaps benefits, particularly in the
maintenance and operation of complex machinery, where accurate pose estimation is essential

for ensuring operational integrity.

Accurately estimating the pose of an object provides a comprehensive understanding of

its current state, which is crucial for making informed decisions about subsequent actions.

73



4.1. Introduction Chapter 4. 3D Edge-based object pose estimation

This capability enables precise repositioning necessary adjustments, or the execution complex
manipulation tasks. Thus, pose estimation not only informs the current status of an object but
also plays a vital role in planning and executing future operations, making it indispensable in
modern technological and industrial applications.

Pose estimation, while highly advantageous, encounters substantial challenges, particularly
in handling occlusions and varying lighting conditions. Ensuring accuracy in diverse, dynamic
environments remains difficult. However, research is continually advancing, overcoming these
challenges and establishing pose estimation as a pivotal tool in modern computer vision.

This chapter introduces a novel approach to object pose estimation using 3D edge-based
techniques, enhancing accuracy and robustness in challenging environments. By utilising 3D
edge features—highlighted in Section 3.1—the method effectively captures geometric contours,
making it particularly useful for texture-less objects and less sensitive to lighting variations
and occlusions. These 3D edges offer a more reliable information source in complex settings
compared to other feature types like RGB-D HOG [56] and RGB-D SIFT [125], which are more
susceptible to environmental factors.

The utilisation of 3D edges for 6-DoF pose estimation presents several significant advantages:

* The geometric nature of 3D edges enables more precise alignment of object models with

real-world data, resulting in higher accuracy in pose determination.

* These edges provide strong, distinct features that can be matched with greater confidence
across varying viewpoints, thereby reducing the ambiguity often encountered with other

feature types.

* 3D edges facilitate the estimation process in environments with low texture where tradi-
tional methods may fail. This robustness enhances the reliability of pose estimation in

real-world scenarios, making it a versatile tool for various domains.

Despite these advantages, using 3D edges for pose estimation presents inherent challenges.
One of the primary challenges is the sparse nature of 3D edges requires sophisticated algorithms

capable of effectively processing and interpreting this sparse information. Additionally, while
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3D edges are generally robust, they can still be affected by noise and inaccuracies in depth
sensing, which may lead to potential errors in pose estimation. Addressing these issues requires
ongoing improvements in both hardware, such as more precise depth sensors, and in algorithmic
techniques for edge detection and matching. Continued research in these areas is essential to

fully harness the potential of 3D edges in 6-Degree of Freedom (6-DoF) pose estimation.

4.1.1 Related work

6-DoF pose estimation has been extensively studied in the literature, with methods generally
classified into traditional and learning-based approaches [316]. In Section 2.3, a comprehensive
survey on object pose estimation has been presented, covering various data modalities, including
image-based approaches [144, 51, 131, 63], RGB-D methods [251, 265, 150], and point cloud-
based techniques [227, 271, 145, 58].

In this section, the focus shifts to the specific domain of pose estimation using point cloud

data, with an emphasis on 3D edge-based methods as explored in the literature.

Traditional methods

Several traditional methods have been proposed in the literature for performing pose estimation
on point clouds. ICP [16] and its variants [227, 30] provided a robust framework for local
pose refinement between two point clouds. These algorithms operate by iteratively refining
the alignment of two point clouds, initially selecting the closest points between the two sets as
correspondences, followed by estimating a transformation that minimises the distance between
these corresponding points. This process is repeated until convergence is achieved, resulting
in the optimal alignment of the point clouds. However, these methods require a good prior
estimated pose for effective convergence.
To address this limitation, global pose estimation methods such as FGR [312], SuperdPCS [177],

and TEASER [291] have been proposed. FGR [312] optimises a dense robust objective based on
direct feature matching and correspondence creation, eliminating the need for iterative sampling

or local refinement, and does not require initialisation. Super4PCS [177] employs smart index-
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ing and an efficient data structure to achieve optimal performance, enabling rapid and accurate
alignment of point clouds without requiring prior pose information. TEASER decouples the
estimation of scale, rotation, and translation, making it both efficient and accurate even with up
to 99% outliers. This method leverages semidefinite programming relaxation to ensure global
optimality and introduces TEASER++, a faster variant that uses graduated nonconvexity and
Douglas-Rachford splitting [255].

Additionally, several other traditional methods have been proposed in the literature [104,
89, 292, 264, 207, 47], utilising features such as 3D edges [11], PPF [89], FPFH [222], and
SHOT [259].

Deep learning methods

Recent advances in deep learning have significantly improved the accuracy and robustness of
pose estimation. Over the past decade, numerous learning-based solutions have been proposed
in the literature [131, 65, 204, 265, 15, 271, 145, 94, 58, 154, 307] for object pose estimation.
In the context of point clouds, deep learning techniques have enabled transformative end-to-end
learning frameworks that directly estimate poses from raw 3D data [15, 271, 145, 94, 58].

One notable method is DCP [271], which redefines the traditional ICP algorithm through
a deep learning perspective. The model comprises three key components: first, input point
clouds are mapped to rigid transformation (translation and rotation) invariant embeddings using
a feature extraction network, such as PointNet [212] or DGCNN [272]. Next, a soft matching
between the point clouds is predicted using an attention-based module, which helps in identifying
correspondences. Finally, a differentiable Singular Value Decomposition (SVD) [242] layer is
employed to compute the optimal rigid transformation, ensuring end-to-end trainability.

Another advanced method is IDAM [145], an iterative deep learning-based approach that
integrates both geometric and distance features into the matching process. This integration helps
resolve ambiguities and improves performance. IDAM introduces a learnable similarity matrix
convolution module to compute similarity scores based on concatenated features of point pairs.

Additionally, a two-stage point elimination technique is proposed to enhance computational
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efficiency, with a novel mutual-supervision loss allowing for effective end-to-end training.
Furthermore, a learning-based method proposed in [94] employs keypoint matching to
predict the pose of objects within a scene. This method combines object and scene features to
predict keypoints and segment the scene cloud, with RANSAC used to estimate the final pose.
To address the challenges of real-world noise and its variations between input clouds, Dang et
al. introduced a noise-normalising layer called MatchNorm [58]. This layer is integrated within
feature learning processes in DCP and IDAM based architectures to improve feature matching
and pose estimation. Experimental results demonstrated that these approaches significantly

enhance performance on real-world data.

3D edge-based methods

A subset of these methods specifically focus on the utilisation of 3D edges of objects for pose
estimation [264, 207, 47, 154, 307]. A robust edge-based 3D object tracking approach was
proposed by Wang et al. [264], where direction-based pose validation was utilised. The method
was enhanced by incorporating both distance and direction cues, improving upon traditional
distance-based pose estimation. Additionally, a particle filtering technique was integrated for
non-local searching, with a failure recovery mechanism implemented using a 2D detection
method. In [207], a novel approach was presented for detecting, localising, and reconstructing
transparent objects using two calibrated views. A structured edge detector was trained to identify
transparent edges, and the detected contours were utilised to hypothesise object shapes and poses.

A method for 3D texture-less object detection and tracking using an edge-based approach
within a particle filtering framework on the SE(3) group was presented by Choi et al. [47].
Particles were initially aligned through chamfer matching with 2D edge templates, followed
by an annealing process to avoid local optima. Edge correspondences between the projected
model edges and image edges were refined using RANSAC, thereby enhancing tracking accu-
racy. Lui et al. proposed a Deep-Learning based Robust Edge Detection (DLED) method for
detecting edges from RGB images to improve Point Pair Feature-based Pose Estimation with

Multiple Edge Appearance Models (PPE-MEAM), particularly under varying lighting condi-
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tions. Additionally, an Edge-Attention Network (EANet) was proposed by Zhang et al. [307] for
6-DoF pose estimation of texture-less objects. EANet employed a multitask learning strategy,
combining edge reconstruction and pose estimation to enhance accuracy and robustness against
varying lighting conditions. The network featured a shared-weight edge extractor, which boosted
performance during pose refinement.

Overall, while traditional methods for object pose estimation using point clouds have es-
tablished a solid foundation, they remain constrained by sensitivity to noise, outliers, and
computational demands. Although edge-based approaches exhibit greater resilience in some

aspects, further refinement is necessary to effectively address these limitations.

4.1.2 Organisation

The remainder of this chapter is structured as follows: In Section 4.2, novel contributions of
the proposed method are described. A background on PointNet++ [213] point cloud feature
extractor is discussed in Section 4.3. Section 4.4 provides an in-depth description of the
proposed method, including a detailed discussion of the network architecture and the specific
contributions made in this work. In Section 4.5, the datasets utilised for training and evaluation
are introduced, followed by a comprehensive presentation of the experimental results. This
section highlights the performance of the proposed method across various metrics and compares
it with SOTA approaches. Finally, the chapter is concluded in Section 4.6, where the key findings

are summarised, and the implications of the results are discussed.

4.2 Contributions

In this chapter, the 3D Edge-based Object Pose Estimation Network (3D-EOPEN) method is
introduced for object pose estimation by aligning the object model point cloud with the 3D edge
points extracted from a scene’s point cloud. The process begins with the segmentation of the
scene point cloud using the DFormer segmentation method [298] to identify an object within

the scene. This object id is selected before the process starts. This step isolates the object of
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interest from its surrounding environment, enabling focused analysis. Once segmented, the 3D
edge point cloud is detected using the 3D edge detector developed in the previous chapter [11],
which extracts the significant geometric contours of the object. These edges are critical as they
provide a sparse yet informative representation of the object’s structure, making the subsequent
pose estimation process more efficient and robust.

Simultaneously, the object model point cloud is obtained through two possible approaches:
sampling a CAD model or performing surface registration [172]. The extracted 3D edge and
model point clouds are then fed into the proposed deep learning-based network to estimate the
6-DoF pose of the object. This network leverages a modified PointNet++ [213] architecture,
which is specifically adapted to handle sparse edge data. The architecture extracts features at
three different levels of abstraction, capturing both local and global geometric information.

Feature correspondences are subsequently established between the edge and model features,
identifying keypoints with the highest matching scores. These correspondences are crucial as
they anchor the relative positioning between the observed data and the reference model. The
keypoint features are then used to estimate the object’s rotation and translation through a fully
connected Multi-Layer Perceptron (MLP) regression network. This final step generates the
precise pose of the object, allowing for accurate alignment within the scene, which is essential
for tasks such as robotic manipulation, augmented reality, and more.

The core contributions of this work include:

* A novel self-supervised learning-based method is introduced, specifically designed for
the robust alignment of 3D edge and model point clouds for 6-DoF pose estimation.
This method leverages the inherent structure of 3D edges to guide the alignment process,
making it particularly effective in scenarios where full point cloud based approaches may
struggle due to noise or sparsity. The self-supervised nature of this method reduces the
need for extensive labelled datasets, allowing the model to learn effective representations

and alignments directly from the input data.

¢ The architecture is based on a modified version of PointNet++ [213], tailored to extract

meaningful features from sparse 3D edge point clouds. This modification allows the
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network to handle the unique challenges posed by sparse data, such as limited information
and higher susceptibility to noise, while still maintaining high performance in feature
extraction. By capturing multi-scale local features, the architecture ensures that both
fine and coarse details of the object edges are preserved, facilitating more accurate pose

estimation.

* An online data generation pipeline is developed to support the self-supervised learning
process. This pipeline dynamically generates training samples that incorporate various
real-world challenges such as noise, occlusions, and variations in rotation and translation.
By simulating these conditions during training, the pipeline ensures that the model is
exposed to a wide range of scenarios, enhancing its ability to generalise to unseen data.
This approach not only improves robustness but also significantly reduces the risk of

overfitting to specific datasets.

* A multi-point variant of the triplet loss [114] is employed to improve the learning of
matching correspondences between 3D edge point clouds and their corresponding model
features. This variant extends the traditional triplet loss by considering multiple points
simultaneously, which enhances the network’s ability to discriminate between correct and
incorrect matches. This approach encourages the model to focus on the most informative

parts of the edge clouds, leading to more reliable and accurate pose estimations.

In contrast to conventional approaches that require full point clouds or dense depth images,
the proposed method operates with a remarkably sparse set of points, less than 5% of the total,
making it highly efficient and less dependent on data density. This method exclusively utilises
spatial information from the 3D edge cloud, thereby eliminating the need for rich textures or
dense point clouds, which are often required in traditional methods.

The performance of this method is rigorously evaluated using the LineMOD [103], Occluded-
LineMOD [31], and TUD-L [107] benchmark datasets, which are well-known for their challeng-
ing multi-object, real-world scene data. Various performance metrics are employed to assess

the effectiveness of the proposed approach, and these results are directly compared with SOTA
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methods in the literature. Experimental outcomes reveal that the proposed method show com-
petitive performance to existing SOTA methods but does so while using significantly less data,
highlighting its efficiency and robustness in practical applications. This advancement showcases
the method’s potential in environments where data sparsity is a constraint, yet high accuracy in
pose estimation is critical.

The method proposed in this chapter is under submission to a renowned peer reviewed

journal in the community.

4.3 Background on PointNet++ feature extraction
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Figure 4.1: Deep learning-based network architecture for PointNet++ [213]. Image taken directly from
published work.

PointNet++ [213] is an extension of the original PointNet [212] architecture designed to
address the challenges associated with varying point densities in 3D point clouds. Unlike Point-
Net, which processes each point independently, PointNet++ introduces a hierarchical learning
approach that effectively captures both local and global features as shown in Figure 4.1. The
network is structured around set abstraction layers that progressively extract local features by
grouping neighbouring points and applying PointNet-like operations within these groups. This
hierarchical approach allows the network to capture local geometric details such as edges and
corners, while also maintaining an understanding of the global structure of the point cloud.

The network employs FPS and ball query to group points, ensuring that local regions
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are uniformly sampled and effectively processed. Within each group, features are extracted
using PointNet, and then aggregated through max-pooling, which is invariant to the order
of points. This makes the model robust to the inherent unordered nature of point clouds.
Additionally, PointNet++ offers variants like Multi-Scale Grouping (MSG) and Multi-Resolution
Grouping (MRG). MSG captures features at multiple scales by using different radius values
during grouping, while MRG maintains features at different resolutions, which is particularly
beneficial when dealing with sparse data. The extracted features are then propagated back to the
original point set through feature propagation layers, ensuring that the final output is enriched
with both local and global context. The network’s final layers typically perform classification or
segmentation tasks, depending on the specific application.

PointNet++ is particularly effective for sparse point clouds due to its hierarchical structure,
which captures fine-grained local features and broader global structures. Its robustness to
noise and outliers, achieved through max-pooling and FPS, makes it suitable for real-world 3D
data. The network’s invariance to point order and density, coupled with its ability to process
data at multiple resolutions, ensures that it handles varying point densities effectively. This
versatility has made PointNet++ widely used in various 3D computer vision tasks, including
object classification, part segmentation, and scene segmentation, demonstrating its significant

impact on deep learning for 3D data.

4.4 Methodology

In this section, the proposed deep learning-based pose estimation method is detailed. The object

RVX3

edge point cloud E € with V points, extracted from the scene, and the corresponding object

model point cloud M € RV*3 with U points are provided as inputs to the network, with the goal

of estimating a homogeneous transformation P € R4

that aligns the model to the edge cloud.
A three-stage network architecture is proposed, as illustrated in Figure 4.2, which comprises
feature extraction, correspondence matching, and pose prediction stages.

For the feature extraction stage, a modified PointNet++ [213] architecture is employed. Point-
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Figure 4.2: The proposed deep learning-based network architecture of edge-based object pose estimation
method.

Net++ [213] offers significant advantages over other point cloud feature extractors by employing
a hierarchical structure that captures both local and global geometric features. This approach
enhances its ability to handle complex, non-uniform point clouds and improves performance in
tasks involving fine-grained details, making it particularly suitable for texture-less objects and
unstructured environments as highlighted in the thesis. This architecture is designed to learn
features E‘f and M} (where i represents the layer number in the feature extractor) from E and M,
respectively through mutually exclusive layers. Following feature extraction, correspondences

are established between the learned features E’f and M} at all the abstraction layers to identify

k; matching keypoints between the two inputs. These keypoint features are then aggregated into



4.4. Methodology Chapter 4. 3D Edge-based object pose estimation

a 128-dimensional feature vector f, which is subsequently passed to the pose predictor.
In the final stage, the feature vectors are processed through two MLPs to predict the rotation
R, and translation t,,, which together form the transformation matrix P,. Each of these modules

is discussed in detail in the following subsections.

4.4.1 Problem formulation

The primary challenge addressed in this study is determining the optimal transformation to align
two point clouds, the edge cloud E and the model cloud M. Building on the definition of object
pose as discussed in Section 2.3, where the edge cloud is defined as E = {e|,e;,...,ey} and
the model cloud as M = {m;,my, ..., my}, with e;,m; € R3, the goal is to determine the
transformation matrix P, which comprises a rotation matrix R and a translation vector t, that
best aligns M to E. This pose estimation problem is mathematically formulated as a distance
minimisation task, where the goal is to find the optimal R and t that minimise the sum of the
minimum squared distances between each point m; in the model cloud and its closest point e

in the edge cloud, as shown below:

U
|4
min Zmin||ij+t—ek||2 4.1)
ReSO(3).teR? 4o k=1

In this case R is a valid rotation matrix, i.e., it is orthonormal with a determinant of 1, and

t € R? represents the translation vector. The transformation matrix P is thus defined as:

R t
P= , 4.2)

0" 1
The objective of this optimisation is to minimise the mean squared distance between corre-
sponding points in the transformed model cloud and the edge cloud. The learning process is
driven by this optimisation, where the deep neural network is trained to predict the transforma-
tion parameters that achieve this minimisation. In the following sections, each module of the

network is described.
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4.4.2 Feature extractor

Feature extraction is a critical component in enhancing the reliability of deep learning applica-
tions, as discussed in Section 2.1. Due to the sparse nature of 3D edge point clouds, extracting
useful information from them is challenging. To tackle this, a deep learning-based network
architecture is designed, inspired from PointNet++ [213] to extract fine detailed features from
the input point clouds. The presented architecture employs two feature extractors to derive fea-
tures Er and My from edge cloud E and model cloud M, respectively. Each extractor contains
four layers (i € 1,2, 3, 4), with each layer consisting of set abstraction and learning mechanisms.
Several enhancements over the standard set abstraction method have been introduced to optimise

feature extraction from edge point clouds E:

* Original methods utilise FPS [71] to select anchor points, which often fail in sparse, noisy
conditions such as those found in edge clouds. The proposed approach randomly selects

q anchor points, increasing the inclusion probability of critical edge points.

* Traditionally, features for each anchor point are calculated using a fixed-radius query,
which performs poorly in edge areas due to unreliable proximity data. A random selec-
tion from the entire edge cloud is proposed to compute features, thereby increasing the

extraction reliability.

* Typically, only the relative coordinates (X, y, z) between anchor points and nearby points
are utilised for feature computation. In contrast, the developed method also integrates the
differences in point norms and other attributes, to enrich the feature set for subsequent

layers.

For each layer i € 1, 2,3, the number of anchor points u#; and v; from E and M is set to
0.5x the number of points from the previous layer. For instance, in layer 1, u; = 0.5 X U
and v; = 0.5 X V. A random selection of 64 points is made to learn features for each anchor
point. In the final layer, global features are derived by treating a zero vector as the anchor point

and considering all remaining points. These features from the first three layers are utilised for
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correspondence matching, and the global features from the last layer are directly applied to pose

estimation.

4.4.3 Correspondence creator

The scene captured using depth sensors typically includes only a partial view of the object.
Extracting the edge cloud from this partial view results in a sparse representation of the complete
model cloud. To address this challenge, correspondences between the points in the edge cloud
and the points in the model cloud is established using features learned across all hierarchical
layers. Various methods for correspondence matching have been explored in the literature, often
based on feature similarity and matching metrics [70]. The proposed approach, employ direct
feature matching to construct a matching matrix C; € R¢*™i for each layer i € {1,2,3}. The
value at each index j, k in C; is obtained by performing a dot product between the features
of edge point j and features of model point k at the ith layer. Given that some points in the
edge cloud may not correspond to any points in the model cloud and vice versa, the matching
matrix is expanded by introducing an additional dimension along both axes. This extension
accommodates unmatched points by assigning them to this extra dimension, resulting in an
initial score matrix S}“it e Rle+Dx(mi+1) - The scores for these added dimensions are learned
during training to facilitate reliable correspondence matching.

After computing the score matrix, a softmax [86] function is applied along each axes to
estimate the probabilities of correspondence from edge points to model points and vice versa,
resulting in sz’” and S;”ze respectively. These probability matrices are then averaged to obtain
the final score matrix S;. Considering the noise inherent in the edge cloud, not all points may
establish correct correspondences. To mitigate this effect, k; keypoints are extracted from the
edge cloud, selecting points with the highest matching probabilities. For each keypoint, the best
corresponding point in the model cloud is determined. The features from these keypoints in
both the edge and model clouds are then aggregated and processed through a series of feature
extractor layers, culminating in the extraction of a 96-dimensional feature vector.

The proposed network learns to establish these correspondences during the training process.
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To facilitate this, a multi-point triplet loss is computed on the correspondence matrix at all layers.
This loss function is designed to help the network learn similar features for corresponding points
and dissimilar features for non-corresponding points. Most studies in the literature assume a
one-to-one correspondence between points in different sets [145, 70, 285], and their methods
learn mappings accordingly. However, due to the sparse nature of the edge cloud, our method
considers that a single point in the edge cloud may correspond to multiple points in the model
cloud, resulting in a many-to-many correspondence relationship, which adds complexity to the
problem. To address this, we introduce a multi-point triplet loss that assumes each point in the

edge cloud can correspond to multiple points in the model cloud, and vice versa.

To establish these correspondences, the model cloud is first transformed using the ground
truth pose to align it with the edge cloud. Then, for each point in the edge cloud, corresponding
points in the model cloud are identified as positive samples if they fall within a threshold distance
a from the edge point. These points are then considered as positive sample indices. Let p denote
the maximum number of nearby points selected. If no point in the model cloud falls within the
threshold distance, a dummy point is assigned as the positive sample index for the edge point.

All other points in the model cloud are considered as negative sample indices for that edge point.

Using these indices, the respective score values from the score matrix S; are extracted to
form the set of score values for the points considered as positive samples sf and the negative
samples s7.For the dummy point, the score associated with the last added dimension is used.

The loss is calculated as follows:

Leom(s?,s') = max (0, Z s/ — Z s! +ﬁ) , 4.3)

where £ is a margin hyperparameter that defines the minimum required separation between the
positive and negative samples. The same loss calculation is performed for the model-to-edge
cloud correspondences to obtain L,;.. The final correspondence loss is then computed as

L = (Lepm + Limze) /2. The overall algorithm is detailed in Algorithm 2.
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Algorithm 2 Multi-point triplet loss

N e T W S S Y

XN h N

Input: M, E, R, t,. k, o, C, B
Output: Loss

M, RgMT +t,

D — YEE-M,)?

topK, «— TopK(D < a, k, axis = 2)
topK,, < TopK(D < a, k, axis = 1)
C; <« log(softmax(C, axis = 2))
C,, < log(softmax(C, axis = 1))
Pos; < topK, # V

Pos,, — topK,, # U

: Neg, « Pos; == False

: Neg, « Pos,, == False

: loss; «— mean(max (0, Cs[Pos,] — C;[Neg,| + 3))

: loss,, < mean(max(0, C,, [Pos,,| — C,,[Neg,| + 5))
. Loss « %(losss + loss,,)

4.4.4 Pose estimator

The pose estimator module leverages the accumulated features from all hierarchical layers,

extracted based on the correspondences between the edge cloud and model cloud, to predict the

pose transformation. Itis divided into two branches: one dedicated to estimating the rotation and

the other to estimating the translation components. Together, these branches form the predicted

pose P. The rotation branch consists of a MLP equipped with batch normalisation [116] and

ReLU activation [9]. The rotation is represented as a 6D vector r € R, which corresponds to

the vector representation of the rotation matrix R, € R33, as presented by Zhou et al. [314].

This representation is derived as follows:

vi=r,[:3], wv2=r1,[3]

\4!
1= 7
[Ivill
€ =V — (e1 : Vz)el (4-4)
€2
2= T
lle2l

R,=[e; e e xe]

Rotation is estimated solely using the feature vector ¢y, which is obtained through corre-
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spondence. The translation branch, also an MLP, processes the global features ch from the edge

cloud and M?

are concatenated and fed into the translation branch to estimate the translation vector t, in the

from the model cloud, along with the correspondence feature ¢¢. These features

x, y, and z directions. Given that both the rotation and translation vectors are real-valued, no

activation function is used in the final layers. The predicted pose matrix P, is then formulated

as:
R, t/
p,=| " 7 (4.5)
07 1

This approach ensures that the pose estimator accurately determines the orientation and position
of objects. By effectively processing feature vectors for rotation and translation, the estimator

handles complex variations in object poses, enhancing system reliability.

4.4.5 Pre and post processing

In real-world scenarios, objects can vary widely in scale and may be positioned at any distance
within a 3D space, presenting challenges for pose estimation tasks. To ensure the network
remains robust to these variations and provides reliable performance, specific pre-processing
steps are applied before feeding data into the network, and post-processing steps are carried out

after the final transformation is obtained.

During the pre-processing phase, a set of transformation, known as standardisation transfor-
mations, are applied to both the edge and model clouds, to bring the difference between them to
a common scale, before they are passed to the network. Initially, both clouds are translated to
the frame origin by subtracting their respective centroid coordinates, denoted as b, and b,,, as

follows:
E =E -b,,
4.6)
M =M -b,,.

This translation normalisation makes the method robust to variations in object position within

the scene. To address variations in object size, a scaling operation is performed on both clouds
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by dividing each by the object’s radius r,,, ensuring consistent scale:

E/I — E//rm’
4.7)
M’ =M'/rp,.
The standardised clouds E” and M” are then fed to the network for pose estimation. In the

post-processing phase, the predicted pose P, is transformed to derive the final transformation P:

P’ =S, P,S,, and P=B.,P'B,, (4.8)
where,
1/r,, O 0 0
0o 1/r 0O O
S = " , St =1inv(Sy),
0 0 1/r,, O
0 0 0 1
1 0 0 b 1 00 -b,
B - 010 b) B _ 01 0 -b),
0 0 1 b5 0 01 -b
000 1 000 1

Here, S;, represents a scale-up operation to revert the predicted pose to the original scale
of the object. B, and B,, are translation transformations that adjust the predicted pose based
on the original positions of the edge cloud and model cloud centroids, respectively. These
pre-processing and post-processing steps are essential for enabling the pose estimation network
to effectively handle real-world variabilities. By normalising translation and scale prior to
the network input and appropriately transforming the predicted pose afterward, the system
is equipped to deliver robust and precise pose estimation across diverse scenarios. These
methodologies significantly enhance the practical applicability of the pose estimation system,

making it a reliable tool in dynamic environments where accuracy is crucial.
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4.4.6 Training data generation

The proposed method has been designed as a self-supervised learning-based approach, allowing
the network to learn without the need for labelled data. To facilitate this, a synthetic data
generation pipeline has been developed, mimicking the properties of real-world data. The

overall pipeline is designed as below

1. Initiating clouds: Object model clouds are used as the starting point to generate edge

point cloud and model cloud for each data sample.

2. Rotation: Model cloud is rotated using a generated rotation matrix. For training data:
Rotation matrix is formed by uniformly sampling Euler angles within the [0, 27r] range for
the {x, y, z} axes. For validation data: Rotation matrix is generated by randomly selecting

Euler angles within the [0, 27] range for each axes.

3. Translation: Rotated model cloud is translated randomly within a specified distance
range along all three axes. Smaller translation range is used along the {x, y} axes, and a

larger range along the {z} axis to simulate depth camera data [209].

4. Depth map generation: Transformed model cloud is projected onto an image plane
using simulated depth camera intrinsic parameters (refer Appendix B) to form a depth
map. Partial cloud, reprojected back into point cloud space, simulates a real-world

captured point cloud.

5. Occlusion simulation: A partial cloud is generated by randomly cropping the original
point cloud using a cuboid defined by its bounding parameters. This cropping process
simulates an occluded cloud by removing specific regions, resulting in a partial cloud that

closely resembles a scene with obscured parts of the object.

6. Edge cloud derivation: An edge cloud is derived from the occluded cloud using a 3D
edge detector. The edge cloud is processed to include all the points within a certain
distance threshold from the edge points to have wider edges, which help in improving

estimation accuracy.
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7. Pre-processing: Pre-processing manipulations, as discussed in the previous subsection,
are applied to the edge cloud and initial model cloud to obtain normalised clouds. The

normalisation help to make the sample independent from translational and scale variations.

8. Unordered point clouds: Points in the pre-processed clouds are randomly ordered to

resemble unordered point clouds typical in real-world scenes.

9. Real world noise: Gaussian random noise, with randomised mean and variance, is added
to both point and normal coordinates to obtain noisy point clouds, simulating a real-world

depth sensor data.

10. Random selection: V and U points are randomly selected from the edge and model
clouds to create a fixed size input. to be passed to the network. This also simulates

missing information in real world depth sensors.

This comprehensive data simulation approach bridges the gap between synthetic training
environments and real-world application conditions, enabling robust neural network training
without relying extensively on large labelled datasets. Real-world challenges, such as shadows
and occlusions caused by other objects, are simulated directly within the 3D point cloud space
through the introduction of noise and occlusion effects. The pipeline’s versatility in replicating
diverse environmental conditions ensures that the pose estimation model generalises effectively
to new, unseen scenarios. By simulating realistic sensor data and occlusion patterns, the
approach prepares the system to handle practical deployment challenges with greater efficiency.
This method not only enhances model performance but also significantly reduces the reliance

on costly and time-intensive data collection and annotation processes.

4.5 Experimental results

To evaluate the effectiveness of the proposed pose estimation framework, the accuracy and
reliability of the pose estimator were assessed using multiple real-world benchmark datasets.

The experimental setup included a detailed analysis of performance metrics such as precision,
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recall, and the overall error rate of the estimated poses when compared to ground truth data.
In this section, the datasets employed are described, along with the experimental setup, and a

comprehensive comparative analysis with SOTA methods is presented.

4.5.1 Dataset description and experimental setup

Three benchmark datasets were considered: LineMod (LM) [103], Occluded-LineMod (LMO)
[31], and TUD-L [107]. These datasets provide real RGB-D data captured by depth sensors,
featuring objects in highly complex and unstructured environments. More detailed descriptions
of these datasets can be found in Section 2.7. For each dataset, the provided object model
clouds were utilised to generate the training and validation data, as outlined in Section 4.4.6.
The test performance was assessed using the challenging real scene data provided by these
datasets. Experiments were conducted in accordance with the pose testing protocols specified
by the Benchmark for 6D Object Pose Estimation (BOP) Challenge 2018 [107]. In the proposed
work, the object cloud was first segmented from the scene point cloud before processing and
passing it to the network. To prevent errors introduced by the segmentation method during
experimentation, the object clouds were extracted from the scenes using the ground truth masks
provided in the datasets for the intended objects.

The network was implemented using the PyTorch [14] library in Python and trained with
a distributed data learning strategy. The model was trained with a batch size of 20 for 1001
epochs. For the training data, rotations were uniformly sampled at intervals of 12°, generating
27,000 samples for each object. For validation, 1,000 randomly rotated samples were generated.
The translation ranged between [—50, 50]mm in the {x, y} directions and [50, 1000]mm in the
{z} direction, and was sampled randomly for both training and validation. The point cloud was
voxel downsampled with a voxel size of 0.02 times the object diameter. Noise was added to
the point coordinates with a mean of 0 and a variance of 10% of the downsample voxel size.
Additionally, noise in the point cloud normals was introduced with a mean of 0 and a variance
of 0.02. Finally, 256 edge points and 2048 object model points were selected to be passed to

the network. The weighted ADAM optimiser was utilised with a step learning rate starting at
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0.001 to train the model. ICP is applied for fine refinement of pose, utilising the predicted pose

as initial input, for maximum of 1000 iterations.

The effectiveness of the proposed method was rigorously evaluated using the error met-
rics defined by the BOP Challenge [107], which include Average Recall (AR), Visible Surface
Discrepancy (VSD), Maximum Symmetry-Aware Surface Distance (MSSD), and Maximum
Symmetry-Aware Projection Distance (MSPD). Additionally,mean Average Precision (mAP)
of the Average Distance of Model Points ADD error, with 10% of object diameter threshold,
was calculated for both non-symmetric and symmetric objects as a further measure of perfor-
mance [281]. To provide a comprehensive analysis, the was computed for rotation errors at
thresholds of {5°, 10°,20°} and translation errors at thresholds of {1c¢m, 2c¢m, Scm}. The math-
ematical formulations for these error calculations can be found in Appendix B. Furthermore,
qualitative assessments were conducted by visualising the estimated and ground truth poses
projected onto real-world scene RGB images, offering an intuitive comparison of the method’s

accuracy.

4.5.2 Compared methods

To thoroughly evaluate the performance of the proposed pose estimation framework, a com-
parative analysis with both traditional and learning-based methods from the literature was
conducted. The methods selected for comparison were those that rely solely on point cloud
information, excluding any texture details, to perform pose estimation. Among traditional ap-
proaches, ICP [16], FGR [312], TEASER++ [291], and Super4PCS [177] were considered.
For learning-based methods, DCP [271], IDAM [145], and MatchNorm [58] were selected. It
is understood that none of the edge-based methods in literature have been designed to utilise
only spatial information for pose estimation. The evaluation of these methods was carried out
using the parameters and training strategies presented in their respective works to ensure a fair
comparison. This approach allows for a comprehensive understanding of the strengths and

limitations of the proposed method in relation to established techniques.
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4.5.3 Comparison analysis: LineMod dataset

The quantitative performance of the proposed method on the LineMod dataset is presented in
Table 4.1 and Table 4.2 across all metrics. The analysis of these results has led to several

important insights.

BOP Metrics ADD

Method AR | VSD | MSSD | MSPD | 0.1d
ICP [16] 0.044 | 0.092 | 0.014 | 0.027 | 0.01
FGR [312] 0.026 | 0.068 | 0.000 | 0.010 | 0.00

TEASOR++ [291] 0.094 | 0.108 | 0.076 | 0.098 | 0.03
Super4PCS [177] 0.165 | 0.117 | 0.178 | 0.201 | 0.10

DCP(v2) [271] 0.044 | 0.057 | 0.025 | 0.049 | 0.00
IDAM [145] 0.067 | 0.050 | 0.070 | 0.081 | 0.02
MatchNorm-IDAM [58] | 0.225 | 0.170 | 0.248 | 0.258 | 0.13
MatchNorm-DCP [58] | 0.559 | 0.427 | 0.608 | 0.644 | 0.54
EOPEN 0.607 | 0.530 | 0.650 | 0.644 | 0.783
EOPEN-ICP 0.620 | 0.546 | 0.664 | 0.650 | 0.800

Table 4.1: Quantitative performance comparison for LineMod (LM) [103] dataset with ADD and BOP
challenge metrics.

Traditional methods: EOPEN significantly outperformed traditional methods such as ICP,
FGR, TEASOR++, and SuperdPCS across all BOP metrics and ADD. While ICP and FGR
demonstrated minimal performance with AR values of 0.044 and 0.026, respectively, EOPEN
achieved arobust AR of 0.607, indicating a substantial improvement in pose estimation accuracy.
Similarly, in terms of ADD, EOPEN’s score of 0.783 was notably higher than those of traditional
methods, with Super4PCS being the closest competitor at only 0.10. Regarding rotation mAP,
EOPEN significantly surpassed traditional methods, with Super4PCS achieving 0.02 at the 5°
threshold. For translation mAP, EOPEN demonstrated strong performance across all thresholds,

indicating precise translation estimation.

Deep learning-based methods: When compared to deep learning-based methods such as
DCP, IDAM, and MatchNorm variations, EOPEN demonstrated SOTA performance across mul-

tiple metrics. While MatchNorm-DCP achieved strong results with an AR of 0.559 and an ADD
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Rotation mAP Translation mAP

Method 5° 10° | 20° | 1em | 2cm | S5cm
ICP [16] 0.00 | 0.01 | 0.01 | 0.04 | 0.27 | 0.82
FGR [312] 0.00 | 0.00 | 0.00 | 0.05 | 0.31 | 0.89

TEASOR++ [291] 0.01 | 0.03 | 0.05 | 0.03 | 0.21 | 0.73
Super4PCS [177] 0.02 | 0.09 | 0.15 | 0.04 | 0.31 | 0.89

DCP(v2) [271] 0.00 | 0.00 | 0.01 | 0.05 | 0.24 | 0.83
IDAM [145] 0.00 | 0.01 | 0.05 | 0.03 | 0.16 | 0.71
MatchNorm-IDAM [58] | 0.01 | 0.07 | 0.15 | 0.13 | 0.38 | 0.87
MatchNorm-DCP [58] | 0.10 | 0.27 | 0.49 | 0.26 | 0.60 | 0.95
EOPEN 0.12 | 0.39 | 0.61 | 0.63 | 0.886 | 0.99
EOPEN-ICP 0.20 | 0.59 | 0.75 | 0.70 | 0.94 | 1.00

Table 4.2: Quantitative performance comparison for LineMod (LM) [103] dataset with rotation and
translation mAP metrics at different thresholds.

score of 0.54, EOPEN surpassed it with an AR of 0.607 and an ADD score of 0.783, showcasing
its robust edge feature utilisation for pose estimation. In rotation accuracy, EOPEN achieved
competitive scores, with a rotation mAP of 0.61 at 20°, outperforming MatchNorm-DCP (0.49).
Furthermore, EOPEN excelled in translation accuracy, achieving the highest translation mAP

scores of 0.63, 0.886, and 0.99 at the 1cm, 2c¢m, and Scm thresholds, respectively.

The combination of EOPEN with ICP (EOPEN-ICP) further enhanced its performance across
all metrics. EOPEN-ICP achieved the highest AR (0.620) and ADD (0.800) scores, along with
substantial improvements in rotation and translation accuracy. Atthe 5°, 10°, and 20° thresholds,
EOPEN-ICP reached rotation mAP scores of 0.20, 0.59, and 0.75, respectively, significantly
outperforming MatchNorm-DCP and other methods. In translation tasks, EOPEN-ICP achieved
mAP scores of 0.70, 0.94, and 1.00 at the 1cm, 2cm, and Scm thresholds, demonstrating

unparalleled robustness in handling translational variations.

Overall, EOPEN and EOPEN-ICP consistently delivered top-tier results, with EOPEN-ICP
excelling in both rotation and translation accuracy. This highlights the effectiveness of ICP in
refining alignments and the capability of EOPEN to achieve high accuracy using only 5% of
the points compared to other methods. Moreover, the proposed method’s reliance on synthetic
training data, without the need for labelled datasets, further underscores its efficiency and

practicality for pose estimation in complex environments. These results establish EOPEN-ICP
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as a highly competitive method for precise pose estimation under challenging conditions.

4.5.4 Comparison analysis: Occluded-LineMod dataset

The performance of EOPEN on the LMO dataset, assessed across all quantitative metrics, is

provided in Table 4.3 and Table 4.4. The detailed analysis is provided below.

BOP Metrics ADD

Method AR | VSD | MSSD | MSPD | 0.1d
ICP[16] 0.044 | 0.085 | 0.014 | 0.032 | 0.01
FGR [312] 0.021 | 0.055 | 0.000 | 0.009 | 0.00

TEASOR++ [291] 0.083 | 0.096 | 0.060 | 0.093 | 0.02
SuperdPCS [177] 0.080 | 0.054 | 0.072 | 0.113 | 0.03

DCP(v2) [271] 0.044 | 0.055 | 0.018 | 0.059 | 0.00
IDAM [145] 0.090 | 0.063 | 0.088 | 0.119 | 0.02
MatchNorm-IDAM [58] | 0.187 | 0.142 | 0.191 | 0.229 | 0.09
MatchNorm-DCP [58] | 0.410 | 0.289 | 0.439 | 0.501 | 0.33
EOPEN 0.472 | 0.389 | 0.500 | 0.533 | 0.55
EOPEN-ICP 0.494 | 0.417 | 0.510 | 0.557 | 0.58

Table 4.3: Quantitative performance comparison for Occluded-LineMod (LMO) [31] dataset with ADD
and BOP challenge metrics.

Rotation mAP Translation mAP

Method 5° 10° | 20° | 1em | 2cm | Scm
ICP [16] 0.01 | 0.01 | 0.01 | 0.07 | 0.36 | 0.85
FGR [312] 0.00 | 0.00 | 0.00 | 0.08 | 0.43 | 0.85

TEASOR++ [291] 0.01 | 0.02 | 0.05 | 0.04 | 0.26 | 0.77
Super4PCS [177] 0.01 | 0.03 | 0.06 | 0.06 | 0.31 | 0.83

DCP(v2) [271] 0.00 | 0.00 | 0.01 | 0.03 | 0.30 | 0.83
IDAM [145] 0.00 | 0.02 | 0.06 | 0.07 | 0.26 | 0.76
MatchNorm-IDAM [58] | 0.02 | 0.08 | 0.18 | 0.15 | 0.44 | 0.84
MatchNorm-DCP [58] | 0.07 | 0.19 | 0.36 | 0.24 | 0.57 | 0.88
EOPEN 0.04 | 0.24 | 0.48 | 0.43 | 0.80 | 0.96
EOPEN-ICP 0.20 | 0.38 | 0.66 | 0.58 | 0.95 | 0.99

Table 4.4: Quantitative performance comparison for Occluded-LineMod (LMO) [31] dataset with rota-
tion and translation mAP metrics at different thresholds.

Traditional methods: EOPEN demonstrated significant improvement over traditional meth-

ods such as ICP, FGR, TEASOR++, and SuperdPCS across various metrics. Specifically, in
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the BOP metrics, EOPEN achieved an AR of 0.472 and an ADD of 0.55, clearly outperform-
ing traditional methods like ICP (AR: 0.044, ADD: 0.01) and FGR (AR: 0.021, ADD: 0.00).
This result highlights the superior capability of EOPEN in handling complex pose estimation
tasks, especially in scenarios with large occlusions. Additionally, EOPEN demonstrated strong
rotation and translation accuracy, achieving an mAP of 0.48 at the 20° threshold and 0.96 at
the Scm threshold, significantly outperforming traditional methods like TEASOR++ and ICP.
These results underscore EOPEN’s robustness in challenging scenarios with occlusions and

sparse data.

Deep learning-based methods: When compared to deep learning-based methods, EOPEN
demonstrated significant improvements across multiple metrics. MatchNorm-DCP, a strong
baseline, achieved an AR of 0.410 and an ADD score of 0.33, but EOPEN surpassed these
results with an AR of 0.472 and an ADD score of 0.55, highlighting its effective use of edge
features. In terms of rotation mAP, EOPEN achieved 0.48 at the 20° threshold, outperforming
MatchNorm-DCP’s score of 0.36. For translation mAP, EOPEN excelled across all thresholds,
particularly at the 5cm threshold, where it achieved a score of 0.96, significantly higher than

MatchNorm-DCP’s 0.88, demonstrating its robust handling of translational variations.

The integration of EOPEN with ICP (EOPEN-ICP) further enhanced its performance, achiev-
ing the highest AR (0.494) and ADD (0.58) scores among all methods. EOPEN-ICP outper-
formed other methods in rotation accuracy, achieving mAP scores of 0.20, 0.38, and 0.66 at the
5°, 10°, and 20° thresholds, respectively. For translation accuracy, EOPEN-ICP achieved mAP
scores of 0.58, 0.95, and 0.99 at the 1¢m, 2c¢m, and Scm thresholds, respectively, showcasing its

strong ability to align objects even in highly occluded scenarios.

Overall, EOPEN consistently delivered competitive results, excelling in both rotation and
translation metrics. Its edge-based approach proved particularly effective in overcoming chal-
lenges posed by occlusions in the LMO dataset. The combination with ICP further refined
its performance, making EOPEN-ICP a robust and competitive method for pose estimation in

complex and highly occluded environments. This performance, achieved while utilising only



Chapter 4. 3D Edge-based object pose estimation 4.5. Experimental results

5% of the points compared to other methods, underscores its efficiency and practicality.

4.5.5 Comparison analysis: TUD-L dataset

The performance of the EOPEN method on the TUD-L dataset, as presented in Tables 4.5

and 4.6, is analysed below.

BOP Metrics ADD

Method AR | VSD | MSSD | MSPD | 0.1d
ICP[16] 0.056 | 0.117 | 0.023 | 0.027 | 0.02
FGR [312] 0.029 | 0.071 | 0.007 | 0.008 | 0.01

TEASOR++ [291] 0.188 | 0.175 | 0.196 | 0.193 | 0.17
SuperdPCS [177] 0.418 | 0.265 | 0.500 | 0.488 | 0.54

DCP(v2) [271] 0.038 | 0.025 | 0.051 | 0.039 | 0.01
IDAM [145] 0.091 | 0.067 | 0.108 | 0.099 | 0.05
MatchNorm-IDAM [58] | 0.427 | 0.306 | 0.500 | 0.475 | 0.43
MatchNorm-DCP [58] | 0.884 | 0.806 | 0.924 | 0.923 | 0.92
EOPEN 0.765 | 0.648 | 0.791 | 0.846 | 0.84
EOPEN-ICP 0.835 [ 0.685 | 0900 | 0.921 | 0.95

Table 4.5: Quantitative performance comparison for TUD-L [107] dataset with ADD and BOP challenge
metrics.

Rotation mAP Translation mAP

Method 5° 10° | 20° | 1em | 2cm | Scm
ICP [16] 0.02 1 0.02 | 0.02]0.01]0.14 | 0.57
FGR [312] 0.00 | 0.01 | 0.01 | 0.04 | 0.25 | 0.63

TEASOR++ [291] 0.13 | 0.17 | 0.19 | 0.03 | 0.22 | 0.56
Super4PCS [177] 0.30 | 0.50 | 0.56 | 0.05 | 0.40 | 0.92

DCP(v2) [271] 0.00 | 0.01 | 0.02 | 0.02 | 0.07 | 0.55
IDAM [145] 0.03 | 0.05 | 0.10 | 0.02 | 0.08 | 0.49
MatchNorm-IDAM [58] | 0.36 | 0.46 | 0.53 | 0.23 | 0.47 | 0.57
MatchNorm-DCP [58] | 0.70 | 0.81 | 0.87 | 0.71 | 0.86 | 0.97
EOPEN 0.16 | 0.62 | 0.86 | 0.58 | 0.90 | 0.98
EOPEN-ICP 0.34 | 0.84 | 092 | 0.62 | 0.93 | 0.99

Table 4.6: Quantitative performance comparison for TUD-L [107] dataset with rotation and translation
mAP metrics at different thresholds.

Traditional methods: EOPEN has been shown to outperform traditional methods such as ICP,

FGR, TEASOR++, and SuperdPCS across all BOP metrics and ADD. For instance, EOPEN
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achieved an AR of 0.765 and an ADD of 0.84, which is significantly higher than the performance
of ICP (AR: 0.056, ADD: 0.02) and FGR (AR: 0.029, ADD: 0.01). While Super4PCS performed
relatively well with an AR of 0.418 and an ADD of 0.54, it still lagged behind EOPEN. This

highlights EOPEN’s superior ability to handle complex pose estimation tasks.

Deep learning-based methods: EOPEN also demonstrated competitive performance when
compared to other deep learning-based methods. Although MatchNorm-DCP achieved the
highest AR (0.884) and ADD (0.92), EOPEN remained strong with an AR of 0.765 and an ADD
of 0.84. Additionally, EOPEN outperformed MatchNorm-IDAM (AR: 0.427, ADD: 0.43),
indicating its robustness in leveraging edge features for improved pose estimation. EOPEN’s
rotation mAP of 0.86 at the 20° threshold and its high translation mAP of 0.98 at the Scm
threshold further demonstrated its effectiveness. EOPEN-ICP show competitive performance
to the top performing MatchNorm-DCP method, achieving an AR of 0.835 and an ADD of
0.95. The rotation mAP of EOPEN-ICP at the 20° threshold was 0.92, and its translation
mAP at the Scm threshold was 0.99, indicating its competitive performance. This combination
strikes a balance between accuracy and computational efficiency, making it particularly effective
in scenarios where dense scene points are difficult to acquire. Overall, EOPEN consistently
demonstrated competitive results across the TUD-L dataset, particularly excelling in translation

accuracy and performing strongly in rotation accuracy when combined with ICP.

4.5.6 Qualitative performance analysis

A qualitative analysis of the EOPEN method has been conducted by examining Figure 4.3 and
Figure 4.4, which depicts the predicted poses across datasets—LineMod, Occluded LineMod,
and TUD-L. In Figure 4.3, the predicted poses have been overlaid on the RGB images of the
scenes, allowing to visually assess the accuracy of EOPEN’s 6-DoF pose estimations. The
alignment of the object model with the actual object in the scene indicates that EOPEN’s
predicted poses closely match the ground truth in most cases. Minor deviations have been

observed in some challenging scenarios, such as those involving occlusions. However, EOPEN’s
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Figure 4.3: Qualitative performance of EOPEN method for LineMod (LM), Occluded-LineMod (LMO),
and TUD-L datasets across different scenes.

Figure 4.4: Qualitative performance of EOPEN method in 3D view for LineMod (LM), Occluded-
LineMod (LMO), and TUD-L datasets across different scenes.

robustness is demonstrated by its strong performance in cases where traditional methods often
struggle, particularly with texture-less objects or highly cluttered scenes. The results of 3D
point cloud alignment are presented in Figure 4.4, illustrating the high precision achieved in
both rotational and translational alignment. This precision is evident from the transformed

model cloud (displayed in red) closely overlaying the object scene cloud (shown in blue).

Overall, this qualitative analysis confirms that EOPEN provides reliable and precise pose
estimation, with the predicted poses closely corresponding to the ground truth in most sce-
narios. The minimal discrepancies observed further highlight the method’s robustness and its

applicability to real-world conditions.
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4.5.7 Inference time analysis

The inference time of a method refers to the duration required for processing the input and gen-
erating the output. Table 4.7 presents a comparison of inference times between the developed
method and other approaches. The results reveal that traditional methods, such as ICP [16],
FGR [312], TEASOR++ [291], and Super4PCS [177], exhibit high computational times, ren-
dering them less viable for real-time applications. Conversely, deep learning-based approaches,
including IDAM [145], DCP(v2) [271], and MatchNorm [58] variants, demonstrate real-time
performance for pose estimation tasks. The developed method achieves inference times of 15ms
directly and 18ms when executed with 1000 iterations of ICP, underscoring its suitability for

live robotic applications.

Table 4.7: Inference times for 6-DoF pose estimation methods.

Method Time (ms) || Method Time (ms)
ICP [16] 720 DCP(v2) [271] 14.2
FGR [312] 220 IDAM [145] 38
TEASOR++ [291] 213.5 MatchNorm-IDAM [58] 17.3
Super4PCS [177] 3285 MatchNorm-DCP [58] 18.8

| EOPEN 15 | EOPEN-ICP 18 |

4.6 Summary

A deep learning-based 6-DoF pose estimation method has been proposed in this chapter, which
utilises the 3D edge point cloud of an object, along with its model cloud, to estimate the rotation
and translation that align the two clouds. The method employs a hierarchical PointNet++
architecture to extract both fine and coarse features from the data at multiple scales. These
point features are then used to identify keypoint correspondences between the edge cloud and
model cloud through feature matching, which are subsequently regressed to obtain the rotation
and translation parameters. The proposed method is designed as a self-supervised learning
approach. An online data generation pipeline is introduced, where synthetic edge cloud data

is generated using object model point clouds. Additional augmentations, such as cropping,
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scaling, and noise, are applied to better reflect real-world data conditions. The data is generated
over a wide range of rotations and translations, which is then used to train the network, ensuring
generalised learning.

The effectiveness of the proposed method has been evaluated using three benchmark datasets:
LineMod, Occluded-LineMod, and TUD-L. The performance is compared against both tradi-
tional and deep learning-based pose estimation methods from the literature. The analysis shows
that the proposed method outperforms almost all the compared methods, demonstrating robust

performance while using only 5% of the points compared to other methods.






Chapter 5

Articulated object classification

Preliminary remarks

The research in this chapter was published in the following paper:

* A. Aggarwal, R. Stolkin, & N. Marturi, Local Region-to-Region Mapping-based Ap-
proach to Classify Articulated Objects. 2023 20th Conference on Robots and Vision
(CRV), Montreal, Quebec, Canada, 2023, pp. 177-183. https://doi.org/10.1109/CRV60082.
2023.00030

Note: Some parts of this chapter, including problem descriptions, specific equations, variable

descriptions, interpretations of results, and figure/table captions, are adapted from [10].

5.1 Introduction

Understanding the properties of objects is fundamental for various applications in robotics and
automation. Each type of object presents unique challenges that must be addressed through
specialised modelling, recognition, and control techniques. By accurately categorising and
understanding these properties, more effective and versatile robotic systems can be developed,
leading to advancements in automation, manufacturing, and human-robot interaction e.g., a

robot tasked with clearing unknown objects in case of hazardous decommissioning tasks as
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discussed by [173].

In the context of articulated objects, the complexity of object recognition and classification
increases significantly. Unlike rigid objects, which maintain a fixed shape and structure, articu-
lated objects possess joints or segments that can move relative to one another. The classification
of such objects poses significant challenges due to the variability in their configurations and the
complex relationships between their components. Historically, the classification of articulated
objects relied on traditional computer vision techniques that often struggled with the dynamic
nature of these objects. Early approaches focused on detecting key features and landmarks,
but these methods were typically limited by their sensitivity to variations in pose, occlusion,
and lighting conditions [199, 200]. As a result, these methods required substantial manual
intervention and fine-tuning, making them less practical for real-world applications.

In response to these challenges, a specialised method for articulated object classification
has been developed to detect if an object is either rigid or articulated. Articulated objects, as
previously discussed, consist of multiple rigid segments connected by joints. The complexity of
these objects lies in the diverse range of motions that each segment can exhibit, depending on
the type of joint that links them. The relative motion of these segments is crucial in determining
the overall behaviour of the articulated object, especially during manipulation and interaction
with other objects or environments. These segmental movements are generally classified into
three primary categories: revolute, prismatic, and free-form, each of which plays a vital role in

the kinematic modelling of articulated objects.

* Revolute joints: Revolute joints, also known as rotational joints, allow for rotational
movement around a single axis. This type of motion is commonly found in mechanical
systems such as robotic arms and human joints like elbows or knees. In kinematic mod-
elling, revolute joints are essential for calculating angular displacements and velocities,

which are critical for tasks requiring precision and control in rotational motion.

* Prismatic joints: Prismatic joints, also referred to as linear or sliding joints, permit
movement along a single translational axis. This linear motion is typical in applications

where a straight-line movement is required, such as in sliding doors, piston mechanisms,
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or linear actuators in robotic systems. Kinematic modelling of prismatic joints involves
the calculation of linear displacements and velocities, which are vital for operations that

necessitate accurate and smooth translational motion.

* Free-form movements: Free-form movements are more complex, encompassing a com-
bination of rotational and translational motions along multiple axes. These movements
occur in joints that do not conform to a single, predefined axis of motion, allowing for
greater flexibility and range of movement. Free-form joints are commonly found in bio-
logical systems, such as the shoulder joint in humans, and in advanced robotic systems
designed to mimic human-like dexterity. Kinematic modelling of free-form movements is
more intricate, often requiring advanced algorithms and simulations to predict and control

the wide range of possible motions.

Understanding these categories of movement is essential for the kinematic modelling of
articulated objects. Accurate modelling enables the prediction of how each segment will move
in response to external forces or control inputs, which is critical for tasks such as robotic
manipulation, motion planning, and the development of autonomous systems. Vision-based
classification of articulated objects plays a pivotal role in this process by allowing systems to
visually differentiate between rigid and articulated objects, as well as to identify the specific
joints and segments involved. By leveraging vision-based techniques, engineers and roboticists
can design more efficient, adaptable, and capable robotic systems that interact seamlessly with
complex environments. This approach not only enhances the accuracy of kinematic modelling
but also improves the ability of autonomous systems to predict and respond to the dynamic

behaviour of articulated objects in real-time.

5.1.1 Related work

In the literature, the modelling, pose estimation, and tracking of articulated objects have been
extensively studied by various researchers [243, 199, 200, 48, 74, 214, 304, 178, 168, 115,

206, 23]. A method for learning a kinematic model of an articulated object from a video
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sequence was presented by Sturm et al. [243]. In this approach, an initial object articulation
model is learned, followed by verification of the learned model on a testing sequence. The
method is designed to handle free-form movements but is limited to objects consisting of
only two rigid parts. Additionally, the method relies on markers to accurately determine the
object’s position, which may not be feasible in real-world scenarios. A vision-based method for
estimating robot configuration and kinematics was proposed by Valerio et al. [199], in which
the configuration of a multi-joint robot was estimated by tracking visual markers, without the

use of any proprioceptive sensors.

A marker-less object skeleton estimation method from a multi-view point cloud was proposed
by Chun et al. [48], where skeleton curvatures are utilised to align and form the object model.
Although this method eliminates the need for markers, it requires a complete point cloud of the
object. In contrast, the proposed method can operate on single-view (marker-less) point clouds
derived from a video sequence to classify articulated objects. A marker-less, single image-based
system for robot state tracking and configuration estimation was proposed by Valerio et al. [200],
in which individual parts of the robot are identified and their poses are estimated. However, the
system relies on RGB images, and the accuracy of part estimation is dependent on the presence

of texture on the object.

Several deep learning-based methods for estimating object articulation types and articulation
axes have been introduced in the literature [74, 214, 304]. The approach proposed by Fan et
al. [74] predicts object and hand models to understand object-hand interactions. An articulated
object detection method using RGB-D video sequences was introduced by Qian et al. [214],
where object parts, planes, and axes are detected in each image, and the temporal relation

between frames is then utilised to predict the object bounding box, articulation planes, and axes.

A method for predicting part kinematic constraints using object RGB-D images and corre-
sponding part segmentations was proposed by Zeng et al. [304]. While learning-based methods
demonstrate good performance and robustness to noise, they require accurately labelled training
data, which may not always be available in practical real-world scenarios. Additionally, with

free-form articulated objects, numerous possible object states exist, making the labelling process
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time-consuming and labor-intensive. To address this limitation, an online classification method
has been developed that can directly infer the object’s type without the need for labelled data.
A part segmentation-based model creation and tracking system in images was proposed
by Meyer et al. [178], where shape-based models are created for each rigid component of the
object, and these models are tracked to form a complete articulation model. Finally, a three-step
articulation state estimation method was proposed by Martin et al. [168], where RGB-D images

are processed over an interaction sequence to predict the object’s state.

5.1.2 Organisation

The rest of the chapter is organised as follows. Section 5.2 presents the key contribution in
the proposed method. Background information required to understand the development of this
method is given in Section 5.3. Section 5.4 describes the proposed algorithm to classify objects.
Section 5.5 presents a detailed analysis of results, along with a description of datasets. Finally,

Section 5.6 presents a summary.

5.2 Contribution

The aforementioned methods are designed to estimate the model and kinematics of objects
without first determining whether the object is rigid or articulated. However, it is equally
important to initially analyse whether the object in the scene is articulated before attempting to
model or track its movements. To address this, a temporal local region-to-region registration is
performed on 3D point clouds, which are obtained from an observed sequence of the object’s
movements or interactions.

In the proposed approach, the process begins by generating a mask for the object of interest in
each video frame, using an off-the-shelf object localisation method [185]. This is accomplished
by utilising the video corresponding to the object’s movements. Following the generation of the
mask and the extraction of the corresponding depth information, a point cloud of the object is

created for each frame. Subsequently, local region registrations are performed on each set of
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consecutive frame point clouds, resulting in local transformations from one frame to the next.
These local transformations are then quantised, a step that reduces the effect of point cloud noise,
and clustered to obtain the final set of unique transformations between the local regions of the
two frames. For a rigid object, these transformations remain consistent across all local regions,
whereas for articulated objects, the local transformations may vary, with different articulated
parts exhibiting distinct rotations or translations.

The key contributions of this work are summarised as follows:

* A novel model-free object classification method is introduced to identify whether an object

is rigid or articulated by analysing a sequence of its movements.

* A constraint-free, registration-based approach is developed, which employs local region-

to-region mapping to detect and classify objects with any type of articulation.

The primary advantage of the proposed method lies in its constraint-free nature, allowing it to
classify any type of articulated object without being restricted to specific types of articulations.
Additionally, the method is parametric and does not require any training, making it independent
of labelled data requirements.

The performance of this approach has been evaluated using two publicly available benchmark
datasets, which contain a mixture of rigid and articulated objects. The results demonstrate the

effectiveness of the proposed method in accurately classifying articulated objects.

5.3 Background

In the fields of robotics, computer vision, and industrial automation, understanding the physical
properties of objects is essential for accurate modelling, recognition, and manipulation. Objects
can generally be classified into three categories based on their physical characteristics: rigid,
deformable, and articulated objects. Each of these categories presents unique challenges and

opportunities in terms of object interaction, recognition, and control.

* Rigid objects: Rigid objects maintain a constant shape and volume, irrespective of
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external forces acting upon them. Mathematically, a rigid object is defined as one for
which the distance between any two points remains constant over time. This implies
that rigid objects do not bend, stretch, or compress, and their internal structure remains
unchanged during motion. The movement of rigid objects can be accurately described
using a combination of linear and rotational transformations, making it possible to model
their behaviour using classical mechanics. The kinematics of rigid objects are relatively
straightforward, facilitating the easy prediction of their future positions based on their
current state. Common examples of rigid objects include metal parts, tools, and most

household items such as cups and plates.

* Deformable objects: In contrast to rigid objects, deformable objects can undergo changes
in shape, size, and structure when subjected to external forces. These objects do not have
a fixed geometry and can be compressed, stretched, bent, or twisted. Depending on
their material properties, deformable objects may exhibit elastic behaviour, where they
return to their original shape after the removal of forces, or plastic behaviour, where
permanent deformation occurs. The kinematics of deformable objects are complex,
requiring sophisticated modelling techniques, such as Finite Element Analysis (FEA), to
predict their deformation patterns. Examples of deformable objects include rubber bands,

sponges, fabrics, and biological tissues.

* Articulated objects: Articulated objects are composed of multiple rigid segments con-
nected by joints, allowing for a wide range of motion. These joints provide the flexibility
needed to perform complex movements, distinguishing articulated objects from purely
rigid or deformable objects. The motion of articulated objects is characterised by mul-
tiple Degrees of Freedom (DoF), with each joint contributing to the overall DoF of the
object. The movement of articulated objects is often hierarchical, where the motion of
one segment influences the position and orientation of connected segments. Examples of
articulated objects include human limbs, robotic arms, folding furniture, and multi-part

tools.
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Figure 5.1: The overall pipeline for the articulated object classification method.
5.4 Methodology

In this section, the developed framework for articulated object classification is described. For
demonstration, an N-frame video where an object is being manipulated is considered where
each frame consists of a depth map and an RGB image. Then for each set of consecutive frames
i,i+k € N, registration is performed between local regions of corresponding point clouds in
order to classify the motion between them as no motion, rigid motion, or articulated motion.
It is worth noting that the point cloud of a frame is generated using the depth information of
intended object regions. This process is presented in detail in Section 5.4.2. To perform this task,
initially, each frame is passed through a set of pre-processing steps for noise and background
filtering. Afterwards, the corresponding filtered point clouds of the frames are passed through
the classifier. The complete pipeline is shown in Figure 5.1. Majorly, the pipeline is divided
into two modules, i.e., the pre-processor and the classifier. Each of these modules is described

in the following subsections.

5.4.1 Method overview

In this subsection, the developed framework for articulated object classification is described.

For demonstration purposes, an N-frame video, in which an object is being manipulated, is
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considered. Each frame consists of a depth map and an RGB image. For each set of consecutive
frames, i,i + k € N, registration is performed between local regions of the corresponding point
clouds to classify the type of motion occurring between them as either no motion, rigid motion,
or articulated motion.

These classifications are critical for understanding the underlying behaviour of the object:

* No Motion (NM): This classification indicates that the object remains stationary between
frames i and i + k. No significant changes in position or orientation are detected within
the local regions of the point clouds, suggesting that the object is either at rest or not being

manipulated during this interval.

* Rigid Motion (RM): This classification is applied when the object undergoes uniform
motion, where all parts of the object move in unison without any relative movement
between them. In this case, the motion is characterised by consistent translations and/or
rotations across the entire object, indicative of a rigid structure. This type of motion is
typical for objects that maintain a constant shape and internal configuration, such as solid

tools or mechanical components.

* Articulated Motion (AM): This classification identifies the presence of more complex
movements where different parts of the object move relative to each other. Such motion
is characterised by varying transformations within different local regions of the object’s
point clouds, indicating that the object consists of multiple rigid segments connected by
joints. This type of motion is common in articulated objects such as robotic arms, human
limbs, or mechanical linkages, where the motion involves bending, rotating, or translating

individual segments independently.

It should be noted that the point cloud for each frame is generated using the depth information
of the intended object regions. This process is described in detail in Section 5.4.2. To perform
this classification task, each frame is initially subjected to a series of pre-processing steps to filter
out noise and background elements. Following this, the corresponding filtered point clouds of

the frames are processed through the classifier to determine the type of motion. The complete
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pipeline is illustrated in Figure 5.1. The pipeline is primarily divided into two modules: the
pre-processor and the classifier. Each of these modules is described in detail in the following

subsections.

5.4.2 Pre-processing

In a typical scenario, the depth map D; and RGB image C; of a given frame i may contain various
items other than the object of interest, such as walls, tables, and other background elements. For
the proof of concept, it is assumed that in any sequence of frames, only a single object is being
manipulated, while all other objects remain stationary. Consequently, these additional objects
can be considered as unwanted noise elements that may adversely affect the performance of the
classifier. Moreover, the presence of these stationary objects introduces a logical challenge in

achieving accurate classification, which is further discussed in the next subsection.

Algorithm 3 Pre-processing of input frame depth map and RGB image.

Require: Depth map D;, RGB image C; for ith frame, object id O, Camera intrinsic ¢t outlier
noise standard deviation s, downsample size v, smoothening radius r
Ensure: Cropped Point Cloud B¢
1: p,bb=0bjectDetection(C;, O)
2: if p # None then
3: D? = Crop(D;, bb)
4: B; = ConvertToCloud(Dy, ¢\)
5: B} = OutlierNoiseRemoval(B;, s)
6: B, =VoxelDownsample(B?,v)
7: Bfl = MeanSmoothening(B!, r)
8: else
9: Skip Frame
10: end if

In this pre-processing stage, each frame is processed to remove unwanted elements and
noise from the point cloud. Initially, object localisation is performed on the RGB image C; of
the frame using the Mask-RCNNv2 mask generation model developed by Li et al.[148]. Pre-
trained weights from the Microsoft COCO dataset[153] are utilised for this task, without any
fine-tuning on the specific objects under consideration. The Mask-RCNNv2 model produces a

list of detection scores and masks (bb) for the objects in the frame, although no classifications
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are utilised in this process. From these predictions, mask instances for each object are created.

To select the intended object, the mask instances between two consecutive frames are
examined. If an object is being manipulated, the corresponding mask is retained. However, if
no object is detected in the frame, that frame is skipped, and the process continues with the next
set of frames. When the intended object is detected in C;, the object is cropped, and all other
information is removed from the depth map, resulting in Di¢.

This procedure is repeated for all frames. Once the region corresponding to the intended
object is identified, the object depth map is converted to a 3D point cloud B; using the depth

camera’s intrinsic parameters c¢,. The point cloud B; is then further processed to remove

‘
outliers and noise through statistical noise removal, producing B?. This processed point cloud is
subsequently downsampled using a voxel size v. The downsampled point cloud Bi” is then passed
through a mean smoothness filter with a radius r to eliminate sensor noise. The smoothened
point cloud Bi¢ is finally passed to the classifier module.

The pre-processing steps are summarised in Algorithm 3. It should be noted that any
other object localisation method [28, 133, 268, 263] could also be employed in place of Mask-

RCNNV2 to obtain the object mask. Additionally, the learning methods are solely used for mask

generation.

5.4.3 C(lassifier

The corresponding filtered point clouds of the pre-processed frames i and i + k are utilised
by this module to classify the motion as belonging to one of three categories: i.e., NM, RM
and AM. This classification is performed for all frame sets within the given video, a process
henceforth referred to as in-frame classification. The proposed in-frame classification method
is summarised in Algorithm 4.

In this method, the point clouds Bfl and Bfﬂrk are first divided into voxel grids V with a
voxel size x. This division results in v voxel grids containing points. For each voxel grid
Viu,m € M, the points from Bf and Blfi ¢ within the voxel grid V,, are identified as Bfl’m and

d,m .
B . . respectively.
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Assuming that the object’s motion between two frames is minimal, registration based on
the ICP algorithm [25] is performed between Bf{;’: and Bf’m. Given the assumption that the
points within both voxel grids are close, the initial transformation for ICP is provided as the
identity matrix I. This registration process results in a homogeneous transformation matrix
P,,, comprising rotation R,, and translation t,, components for the vth voxel grid. The rotation
matrix is subsequently converted to its quaternion form g, for further processing.

For each m € M, q,, and t,, are quantised using thresholds g and 7 to mitigate noise errors
in the registration process. These quantised values are then concatenated and hashed into a
hash table H, where the respective voxel grids are stored under each key. Due to the potential
articulated nature of the objects, it is observed that some portions of an object may become
occluded or move out of the frame between consecutive frames (e.g., the top portion of a box
may become occluded when the box is opened). To address this issue, voxel grids that do not
have any corresponding match during ICP are skipped in the proposed method. Additionally,
registrations with low confidence scores are also excluded. If more than a% of the voxel grids
are successfully matched, the algorithm proceeds to the classification step; otherwise, those
frames are considered unreliable, and the process moves to the next set of frames.

Utilising the prepared hash table H, in-frame classification is performed according to the

following rules:

* If the number of keys in H is greater than 1, the motion is identified as articulated and

classified as AM.

* If the number of keys in H equals 1, and the key corresponds to a rotation or translation,

the motion is classified as RM.

» If the number of keys in  equals 1 and the key represents no motion, i.e., q € 0"** and

t € 013, the motion is classified as NM.

The in-frame classification method is illustrated in Figure 5.2. All in-frame classifications
are stored in a list p to determine the overall classification of the object. A moving average filter

with a window size of w is then applied to p. After filtering, if any of the elements in the list
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correspond to AM, the object is classified as articulated. If only RM motion is present in the list,
without any AM motion, the object is classified as rigid. Finally, if only NM motion is present,

the classification remains nondeterministic due to the absence of motion in the provided video.
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Figure 5.2: The in-frame classification process for the articulated object classification method.

From Algorithm 4, it can be observed that the proposed method relies heavily on the type of
motion in the local regions of Bfl . Consequently, if significant noise or background elements are
present in Bld , the registration of these elements will indicate no motion, as they are assumed to be
stationary. In the case of rigid objects, the presence of such background elements will generate
two hash keys, potentially leading to the erroneous classification of the object as articulated.

One potential solution to mitigate this issue would be to exclude the NM key from consid-
eration in the hash map. However, this approach presents a challenge when articulated objects
are present in the frame. Specifically, if some components of an articulated object remain static
throughout the entire video sequence, this static component would also be excluded, which could
result in the mis-classification of the object as rigid.

To address this problem, the intended object is masked during the pre-processing stage, as
described in the previous subsection. By doing so, only the point cloud information of the
intended object is considered in the proposed classification algorithm, ensuring that background
elements and static components of articulated objects do not interfere with the classification

process.

5.5 Experimental results

Experiments were conducted on two benchmark datasets from the literature to demonstrate

the capability of the proposed method in classifying objects as either articulated or rigid. The
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Algorithm 4 Articulated and rigid object classification using point clouds.

Require: source point cloud Bf’ , target point cloud Bi 4> Voxel size x, quaternion quantisation

¢, translation quantisation ¢, moving window size w

Ensure: In-frame object class p;

1:
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V= Voxelise(Bfl, BZ . x)

i+k’
M = |V]|
m=0
H=A{}
repeat
Bfl’m = SelectVoxelPoints(Bfl) > Local voxel region selection
Bﬁ;’; = SelectVoxelPoints(Blfik)
P, = ICPRegistration(Bf’m, Bﬁ;’;:)
R, =P,[:3,: 3]
t, =P,l: 3,3]
qm = ToQuaternion(R,,)
qm = |_q7'"J *q > Quantisation operation
if [q,|tn] € H then > Hash table is generated with unique keys by clustering
else
end if
m=m+1

cuntilm < M
. K =|H|
. if K > 2 then

pi=AM

: elseif K =1 then
pi = RM

. else
pi=NM

. end if
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performance was evaluated based on the mean accuracy score of the classification. Additionally,
qualitative results were presented to illustrate the articulation regions detected by the proposed

method from the given observations.

5.5.1 Dataset description

At the time of this work, no interaction-based hybrid datasets containing both rigid and articulated
objects were available in the literature. To effectively evaluate the performance of the proposed
method in such hybrid scenarios, it was tested using the RBO [169] and YCB video datasets [280].
The RBO dataset provides a collection of interaction videos and corresponding point clouds for
multiple articulated objects. These interaction videos were captured in a controlled environment
with objects in motion. In literature, no interaction-based datasets with point clouds for rigid
objects were available. However, to assess the performance of the proposed method for rigid
objects, the YCB video dataset was utilised, which provides multi-object video sequences along
with point clouds. From the RBO dataset, interaction sequences for four articulated objects—a
globe, a laptop, a cabinet, and a microwave—were considered. In contrast, four rigid objects—a
banana, a gelatin box, a mustard bottle, and a power drill—were selected from the YCB video
dataset for the experiments. For each object, at least 10 video sequences, with a maximum of

200 frames per sequence, were used for experimentation.

5.5.2 [Experimental setup

As discussed in Section 5.4, the proposed method relies on multiple parameters during the pre-
processing and classification steps. The values of these parameters were determined through
multiple trials and based on the statistical properties of the data. For downsampling and
smoothing, the values of parameters such as v and r were determined by analysing the properties
of the point clouds. The downsample voxel size v was calculated as 2—10 of the object’s diameter
within the scene, and r was set to 5 X v. The statistical outlier removal parameter s was set to 0.5,
with a nearby points threshold of 0.1 times the total number of points in the object point cloud.

The voxel size x in the classifier was set to % of the maximum distance between the points in the
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point cloud. Other parameters, such as g, ¢, and k, were determined empirically after multiple
trials on a subset of the considered data. In this study, the valuesg = 0.1,7 = 0.1, and k = 5
were utilised for the experiments.

The experimental setup was meticulously designed to ensure that the chosen parameters
optimally reflect the characteristics of the datasets, thereby enhancing the accuracy and reliability

of the proposed method in classifying articulated and rigid objects.

5.5.3 Performance analysis

The performance of the developed method is thoroughly evaluated through both quantitative and
qualitative analyses. For the quantitative analysis, two key metrics are employed: classification
accuracy and average classification probability. Classification accuracy is assessed on a per-
object basis, calculated as the ratio of the total number of correctly classified video sequences
to the total number of video sequences processed for each object. This metric provides a
direct measure of the method’s ability to correctly identify whether an object is articulated or
rigid across different sequences. The average classification probability is determined as the
mean probability of each frame set being classified as AM or RM. This probability reflects
the confidence level of the classifier in its decisions, offering insights into the robustness and
reliability of the method across varying scenarios.

Qualitative analysis is conducted to complement the quantitative results by providing visual
interpretations of the method’s performance. In this analysis, the direction and magnitude
of the transformations obtained from the registration between frames are displayed. These
transformations are visualised using arrows, where the direction of each arrow corresponds to
the direction of movement between frames, and the length of each arrow indicates the magnitude
of the transformation. This visual representation allows for a more intuitive understanding of
how the motion within the point clouds is tracked and classified, offering a clear depiction of
how articulated and rigid objects are distinguished in practice.

Through this combination of quantitative and qualitative analyses, a comprehensive evalu-

ation of the method’s performance is provided, highlighting both the accuracy in classification
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tasks and the ability to visually and effectively capture the motion dynamics of the objects under

study.
Table 5.1: Performance analysis of the articu- Table 5.2: Performance analysis of the articu-
lated classification method for RBO dataset. lated classification method for YCB dataset.
Object Accuracy % Object Accuracy %
Laptop 88.00 Power Drill 89.47
Globe 76.00 Gelatin Box 86.36
Microwave 100.00 Banana 95.45
Cabinet 100.00 Mustard Bottle 91.30
Average 91.00 Average 90.65

5.5.4 Accuracy analysis

The accuracy performance for both the RBO and YCB datasets is presented in Table 5.1 and
Table 5.2. From the results in Table 5.1, it is observed that the proposed method successfully
classified the Microwave and Cabinet objects as articulated with 100% accuracy. For the Laptop
object, an accuracy of 88% was achieved. The decrease in accuracy for the Laptop is attributed
to the presence of a mirror-like screen, which adversely affected the depth sensor, introduc-
ing significant noise and leading to registration failures. Additionally, the Globe object was
classified with 76% accuracy, which is considered notably good given that colour information
was not utilised in the registration process, and the symmetric nature of the Globe posed chal-
lenges. Overall, the proposed method demonstrated an accuracy of 91% in correctly classifying
articulated objects within the RBO dataset.

For the rigid objects from the YCB dataset, the proposed method achieved a classification
accuracy of 90.65%, as shown in Table 5.2. The Power Drill, Banana, and Mustard Bottle objects
were classified with accuracies of 89.47%, 95.45%, and 91.30% respectively. The Gelatin Box
was classified with an accuracy of 86.36%. The slightly lower accuracy for the Gelatin Box is
attributed to its symmetric shape, which negatively impacted local registration accuracy.

These results demonstrate that the proposed method is capable of classifying objects with

high accuracy, regardless of whether the objects are articulated or rigid. Importantly, this
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Table 5.3: Per scene sequence classification probabilities of the articulated classification method for
RBO dataset.

Object Probability of rigid | Probability of articulated
Laptop 0.1472 0.8528
Globe 0.0041 0.9959
Microwave 0.0251 0.9749
Cabinet 0.0543 0.9457
Average 0.0577 0.9423

Table 5.4: Per scene sequence classification probabilities of the articulated classification method for
YCB dataset.

Object Probability of rigid | Probability of articulated
Power Drill 0.8744 0.1256
Gelatin Box 0.7380 0.2620
Banana 0.9847 0.0153
Mustard Bottle 0.8433 0.1567
Average 0.8601 0.1399

classification was achieved without the need for pre-existing object models, labelled data, or

articulation constraints, highlighting the robustness and versatility of the proposed approach.

5.5.5 Probability analysis

Tables 5.3 and 5.4 present the probabilities of a set of frames being classified as either articulated
or rigid. As discussed in Section 5.4, each frame set is classified into one of three categories:
AM, RM, or NM, with the final classification being determined by the max-count filtered output.
In Table 5.3, the performance of the proposed method for objects from the RBO dataset is
displayed. It can be observed that the probability of a set of frames being classified as AM
is consistently higher than the probabilities for RM and NM. This indicates that the proposed
method effectively recognises and classifies articulated objects with a high degree of confidence
across multiple frames. Similarly, for rigid objects from the YCB dataset, Table 5.4 demonstrates
that the probability of a set of frames being classified as RM is significantly greater than the
probabilities for AM and NM. This observation confirms that the proposed method reliably
identifies rigid objects, with the classification being supported by strong probability values.

This analysis indicates that the proposed algorithm is capable of identifying the type of objects
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with high probabilities, even when evaluating a single set of frames. The consistent assignment
of higher probabilities to the correct classification category demonstrates the effectiveness and

reliability of the proposed method in distinguishing between articulated and rigid objects.

Frame Set 1 Frame Set 2 Frame Set 3 Frame Set 5

o
>
@©
2
o
—

2

=

Figure 5.4: Local registration results of the articulated classification method for RBO dataset with 5
consecutive frames.

5.5.6 Qualitative analysis

The local registration results for the RBO and YCB datasets, along with the corresponding RGB
images for two consecutive frames, are presented in Figures 5.3a and 5.3b. In Figure 5.3a, it
can be observed that more than one unique registration is obtained between the frames, leading

to the classification of these objects as articulated. This outcome demonstrates the effectiveness
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of the proposed method in detecting and correctly classifying multiple distinct transformations

occurring within different parts of the articulated objects. Similarly, in Figure 5.3b, it is observed

Frame Set 1 Frame Set 2 Frame Set 3 Frame Set 4 Frame Set 5

Gelatin Box Banana

Mustard Bottle

Power Drill

Figure 5.5: Local registration results of the articulated classification method for YCB dataset with 5
consecutive frames.

that a single unique transformation is consistently obtained across all local regions between the
frames, resulting in the classification of these objects as rigid. This consistency in the registration
across the entire object confirms the rigid nature of the objects, further validating the accuracy
of the proposed method in distinguishing between rigid and articulated objects.

Figures 5.4 and 5.5 illustrate the local registrations between the voxel grids of five consecutive
frames for the RBO and YCB datasets, respectively. These figures provide a more extended
visual analysis, showcasing the continuity and reliability of the registration process across
multiple frames. For the RBO dataset, the presence of multiple unique transformations across
consecutive frames consistently supports the classification of the objects as articulated. In
contrast, for the YCB dataset, the uniformity in the transformations across the frames consistently

leads to the classification of the objects as rigid.

These results emphasise the robustness of the proposed method in accurately identifying
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and classifying the motion characteristics of objects within both articulated and rigid categories,

even when evaluated across multiple consecutive frames.

5.6 Summary

In this chapter, a registration-based local region-to-region mapping approach for articulated
object classification was proposed. The classification of object articulation was formulated as a
temporal movement detection method, where the point cloud of an object from two consecutive
time frame observations was analysed to identify unique local motions between the frames.
An object is classified as articulated if more than one unique motion is detected during the
observations. If only a single motion is detected, the object is classified as either undergoing
rigid motion or no motion.

The proposed method is characterised by its model-free nature, allowing it to be applied to a
wide variety of articulated objects, making it more versatile than state-of-the-art methods in the
literature. Furthermore, it does not require labelled data, enhancing its applicability in scenarios
where annotated datasets are not available.

Experimental results using two publicly available benchmark datasets, consisting of artic-
ulated and rigid objects, demonstrated that the proposed method achieves high accuracy in
classifying articulated objects. This performance underscores the method’s effectiveness in
diverse settings, especially in cases where other methods may struggle due to the complexity or
variability of the objects being analysed. In the next chapter, visual servoing task for robotic
application has been discussed, wherein the designed 3D edge features are utilised as visual
features. The method is designed as a learning-based direct visual servoing approach where 3D

edge features are directly utilised to control the robot.



Chapter 6

Learning-based visual servoing with 3D

edges

6.1 Introduction

In various robotics applications, such as manufacturing, assembly, and grasping, it is essential
for the robot to interact with an object at a specific pose. Achieving this precise interaction
is particularly critical when tasks demand high accuracy and repeatability, as is often the case
in industrial settings. However, in real-world environments, which are frequently unstructured
and unpredictable, objects may be present in random and varying poses. These unstructured
environments pose significant challenges for robots, as the variability in object positioning

requires the robot to adapt continuously to align itself correctly with the object.

Consequently, before any interaction can take place, it is essential for the robot to adjust its
pose to achieve the desired alignment with the object. This alignment is particularly challenging
in dynamic environments, where objects may be randomly positioned or in motion. For example,
if a robot is welding on a moving assembly line, such as a car body, the object remains in
continuous motion. Similarly, in tasks like grasping and packing items from a moving conveyor
belt, the robot must continuously adapt its pose to align with the moving objects and perform the

task effectively. These dynamic conditions pose significant challenges for robots in executing

127
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tasks with precision. Moreover, the processes must operate in real time to ensure the interaction
is completed before the object is lost or moves out of reach.

To address these challenges, vision-guided motion control of robots, also called as Visual
Servoing (VS) has been widely used in the literature as an effective method for ensuring that a
robot can dynamically adjust and maintain its pose relative to an object. VS leverages visual
information of the environment, such as images, depth maps, or point clouds [162]. This visual
data acquired from sensors is used to regulate the robot’s control system, enabling real-time
adjustments to the robot’s movements.

Technically, VS has been employed to accomplish a variety of robotic tasks, e.g., end-
effector positioning, where precise placement of the robot’s tool is required; adaptive robotic
grasping, where objects must be securely held; tracking, where the robot follows a moving
target; and manipulation, where complex interactions with objects are necessary [6, 7, 59, 5].
Essentially, VS can be conceptualised as an optimisation problem, with the primary objective
being to minimise the error between the current visual features detected by the robot and the
desired features corresponding to the target object or scene. By continuously reducing this
visual feature error, the robot is guided towards the desired pose. This error, representing the
discrepancy between the robot’s current visual perception and the target state, serves as the
critical input for the control loop. The controller plays a crucial role in ensuring that the robot’s
motion aligns with the computed velocity to minimise the feature error, thereby driving the
robot towards the desired pose. The choice of controller directly impacts the performance of the
servo loop. A well-designed controller must balance accuracy, robustness, and computational
efficiency to ensure that the robot can successfully converge to the desired pose, even in the
presence of environmental disturbances and sensor noise.

The literature categorises robot control strategies into three primary types: classic control

techniques, modern control techniques, and intelligent control techniques [163].

Classic control techniques: classic methods, like Proportional-Integral-Derivative (PID) con-
trol [250] and Linear Quadratic Regulators (LQR) control [232], are favoured for their

simplicity and ease of implementation. However, they may struggle in non-linear or
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dynamic environments, where complex disturbances are common.

Modern control techniques: modern techniques, such as Model Predictive Control (MPC) [8]
and robust control [152], address the limitations of classic methods by handling multi-
variable systems and ensuring stability despite uncertainties. These methods are powerful

but often computationally demanding.

Intelligent control techniques: intelligent control methods, including fuzzy logic, deep learning-
based control, and reinforcement learning [194], adapt to variable and uncertain environ-
ments. They offer flexibility and adaptability but typically require significant computa-

tional resources and training data.

Overall, visual servoing offers a robust framework for addressing the inherent uncertainties and
dynamics of real-world environments, making it a crucial component in the development of

autonomous and adaptable robotic systems.

6.1.1 Related work

VS can be primarily categorised into Image-Based Visual Servoing (IBVS) and Position-Based
Visual Servoing (PBVS). In IBVS, features extracted from the captured image are utilised to
control the robot’s motion [60, 96, 76, 37, 151, 299, 137, 216]. These features may encompass
entire images, hand-crafted descriptors such as SIFT and HOG, or learned features derived from
methods such as Principal Component Analysis (PCA) and autoencoders. IBVS operates by
minimising the error between the current and desired image features, thereby driving the robot’s
movements towards the target pose. However, despite its ability to achieve high positioning
accuracy, in case of 3D tasks, IBVS-based systems are often challenged using depth information
and the complexities associated with a strongly coupled image Jacobian matrix. These challenges
can lead to suboptimal performance in certain scenarios, particularly in environments with
significant depth variations or occlusions [37].

On the other hand, PBVS involves the estimation of the 6-DoF pose of the object using

point information, which is then employed to perform the servoing task [219, 257, 275]. By
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incorporating 3D information, PBVS offers a more generalised framework that can effectively
handle a wider range of tasks, especially those requiring precise depth and pose control. However,
the accuracy of PBVS is highly dependent on the precision of the object pose estimation, which
can be affected by factors such as sensor noise and calibration errors. The reliance on accurate
3D models and the potential for errors in pose estimation represent significant limitations in

PBVS, particularly in dynamic or unstructured environments [164].

A recent development in the field is Direct Visual Servoing (DVS), which has been proposed
as an alternative to the traditional IBVS and PBVS approaches. DVS directly utilises the entire
image, without the need for explicit feature extraction or pose estimation, to control the robot’s
motion [236, 266]. This method avoids the complexities associated with feature extraction
and matching, as well as the need for accurate 3D models, making it particularly suitable for
applications where these tasks are challenging or infeasible. DVS approaches have demonstrated
robustness in scenarios with significant visual noise or in cases where objects lack distinct
features. Moreover, DVS can provide a more direct mapping between the image space and the
control commands, potentially leading to faster and more efficient servoing [192]. Nevertheless,
these methods are highly sensitive to image noise and variations in lighting conditions. Further,
their performance is limited in case of dense or heavy information, which is often the case while

using 3D cameras.

To address the inherent limitations of both IBVS and PBVS, hybrid visual servoing ap-
proaches have been proposed in the literature [80, 40, 287]. Hybrid visual servoing combines
elements of both IBVS and PBVS to leverage their respective strengths while mitigating their
weaknesses. Typically, these approaches utilise image features to maintain robustness against
calibration errors and partial occlusions, as seen in IBVS, while also incorporating 3D pose
estimation to ensure accurate depth and pose control, akin to PBVS. This integration of meth-
ods allows for more reliable and accurate control in dynamic and unstructured environments,
providing a balanced solution where pure IBVS or PBVS might fall short. Hybrid VS methods
have demonstrated significant improvements in handling complex tasks that involve both large

position displacements and precise alignment requirements [191].
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In addition to IBVS, PBVS, and DVS, a fourth category of VS has been explored in recent
literature, known as Learning-Based Visual Servoing (LBVS). LBVS methods leverage advances
in deep learning to perform the servoing task, utilising image or point-based inputs to predict
features for matching or velocities directly [186, 75, 247, 277]. These approaches have shown
promise in scenarios where traditional VS methods struggle, particularly in handling complex,
high-dimensional feature spaces or learning robust feature representations from large datasets.
However, LBVS also introduces challenges, such as the need for extensive training data and the
difficulty in interpreting the learned features, which may limit its applicability in certain contexts

[235].

6.1.2 Organisation

The rest of the chapter is organised as follows. The main contribution of this chapter are
discussed in Section 6.2. In Section 6.3, the auto-encoder network and VS control design are
presented. Experimental results and problem stability are discussed in Section 6.4. Finally, the

proposed method is concluded in Section 6.5.

6.2 Contribution

In this chapter, a visual servoing approach is proposed, which utilises 3D information as visual
cues. As discussed in Section 2.1, various types of features such as PPF, FPFH, and SHOT
can be extracted from 3D Point Clouds. Among these, 3D edge point clouds are particularly
interesting due to their texture independence and sparsity in 3D space, while preserving the
geometrical properties of objects, as discussed in Chapter 3.4. One method for utilising 3D
edges is to consider the entire point set as an input feature [305]. However, in unstructured 3D
settings, the feature representation can be affected by the order and number of 3D points, which
may degrade VS performance. To address this, a latent space representation of the 3D edge
point set is learned using autoencoders, which is a popular method to extract robust information

from raw data [55, 22]. A hierarchical autoencoder network for 3D points is designed to extract
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features that are robust to the unstructured and irregular properties of point clouds.

Various deep learning networks have been proposed in the literature for feature extraction
from point clouds [61, 213, 62, 303, 296, 212], as discussed in Section 2.1. In the proposed
work, deep autoencoder network (inspired from PointNet++ [213]) has been designed to learn
the latent features from 3D edge clouds. PointNet++ is utilised due to its hierarchical nature,
which enable to capture both local and global relationships within a given cloud. This latent
feature enhances the convergence area for VS optimisation and also improves robustness against

external noise [186].

There are a few studies in the literature that use latent space representation for VS tasks
[247, 75, 186], but they primarily focus on image embeddings. For example, [75] combines
image and pose details to learn a latent space representation for visual servoing on images,
and [247] proposes a VS system encoding tactile sensor information. However, these methods
suffer from lack of spatial information for the VS task, which impact the system performance in
case of occlusions. Further, they rely on texture information in the images to extract meaningful
information, which may not always be available in many industrial settings. This work addresses

these limitations by utilising 3D edge cloud data to extract latent space features.

Alongside the latent space features, the centroids of the captured object scene cloud are
utilised as direct features for the VS task. The centroid provides a concise and robust represen-
tation of the object’s spatial distribution, which can be used within the robot control loop. This
approach ensures that even in cluttered or partially occluded environments, where individual
feature points may be unreliable or difficult to track, the overall spatial structure of the object
remains effectively represented in the control process. As the robot moves, the centroid of the
point cloud dynamically shifts, offering continuous feedback for real-time adjustment of the

robot’s pose relative to the object.

Two types of errors, namely deep feature-based and centroid-based, are calculated by com-
paring the current information with the desired information to determine the necessary camera
spatial velocity. A hybrid controller [36] has been designed, wherein the deep feature error

is utilised to compute the angular velocity, while the centroid-based error is used to calculate
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the translational velocity. This computed velocity is subsequently applied to the robot using a
classical control strategy [59], enabling the robot arm to move to the new position.

The overall closed-loop pipeline for the proposed VS method is illustrated in Fig. 6.1. This
pipeline integrates the computed camera velocity with the selected control strategy to actuate
the robot’s movements, thereby iteratively minimising the feature error. The proposed method
has been validated through both simulation and real-robot experiments across various complex
scenarios. The results have demonstrated that the proposed servo control achieves smooth
convergence with fewer iterations, indicating its effectiveness and efficiency in dynamic and

unstructured environments.

6.3 Methodology

A VS task is typically formulated as an optimisation problem aimed at minimising the difference
between the features F' and F*, which are respectively extracted from the current object edge
cloud E’ at time ¢ and the desired object edge cloud E* corresponding to the desired object pose

p*. The feature error, denoted as F, can therefore be expressed as

F=F'-F". (6.1)
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The optimisation problem is thus defined as finding the feature set f that minimises the
error, formally written as:

£ =min [F' - F"||. (6.2)

To solve this optimisation problem, the robot must be moved in a direction that reduces the
feature error. This is accomplished by estimating the robot’s velocity v based on the feature
error F. To achieve this, a relationship must be established between the changes in features
and the corresponding robot motion. In the literature, this transformation is commonly referred
to as the interaction matrix L [38]. The interaction matrix Lg, also called as image Jacobian
matrix, contains the partial derivatives of the features with respect to the spatial velocity. Thus,

the change in features with respect to robot motion can be expressed as:

F =Lpv, (6.3)

where v denotes the robot’s spatial velocity.
By substituting (6.3) into the optimisation problem (6.2) and solving for the velocity v, the
following expression is obtained:

vy =-ALLF, (6.4)

where A represents a gain parameter, and L; denotes the pseudo-inverse of the interaction matrix
Lr.

This equation describes the robot’s velocity as a function of the feature error and the
interaction matrix, thereby guiding the robot to minimise the discrepancy between the current
and desired object poses during the VS task. From the discussion, it can be inferred that the
overall VS module comprises three stages within a closed-loop system. In the first stage, visual
information is captured and processed from the scene. Specifically, in this work, 3D point cloud
data are captured from the scene, from which the ground plane is segmented out resulting in
just object cloud. This segmented object point cloud is then used to derive the 3D edge cloud E,
from which a feature vector f is extracted. Additionally, the centroid ¢ is calculated from the

object point cloud. In the second stage, the interaction matrices Ly and L, are computed for the
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extracted features f and the 3D edge cloud E, respectively. These interaction matrices provide
the necessary relationship between the feature changes and the corresponding robot motion.
Finally, in the third stage, the feature error and the interaction matrices are utilised to control
the robot by calculating the updated robot joint configurations. These joint configurations are
then sent to the robot, enabling it to move to the new position. Each of these stages is discussed

in detail below.

6.3.1 Feature extraction

In the presented work, two types of features have been extracted from the captured 3D point
cloud P: the object centroid ¢ and a K-dimensional latent space feature representation f € RX.
Initially, the object point cloud P, is segmented from the captured 3D point cloud, effectively
filtering out the background, ground plane, and any other extraneous objects. Following seg-

mentation, the centroid of the object point cloud is calculated using the equation:

1Y 1Y 1 Y
C:(Cx’cy’cz): _in,NZYi,NZZi (6.5)

i=1 i=1 i=1

where x = [x1,x2,- -, xn]", y = [y, y2, -+, ywlT 2 = [z, 22, -+, an]T, and Py, = [x,p, 2]

The latent space representation is extracted by employing a deep encoder-decoder network,
denoted as H. As discussed in Chapter 3, 3D edges provide a sparse representation of the object
that is robust against texture variations and occlusion while effectively capturing the geometrical
properties of the object. Therefore, in this work, the 3D edge point cloud is utilised as input to
the feature extractor. The 3D edges are extracted using the method developed in Chapter 3. It is
worth noting that any other 3D edge extraction techniques can be used as alternates.

A modified PointNet++ [213] based feature extractor has been utilised in this work to obtain
the latent space features. The network architecture used is a point segmentation-based model,
as illustrated in Figure 4.1, where the output corresponds to the input. To effectively handle the
sparse nature of the edge point clouds, the same modifications as discussed in Section 4.4.2 have

been applied. These modifications include:
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* Random selection of g anchor points, as opposed to using Farthest Point Sampling

(FPS) [71].

* Random selection of points from the entire edge cloud to compute the anchor point

features.

The network consists of three encoding layers, with the number of selected keypoints reduced
by half at each successive layer. Following the encoding layers, a grouping layer is employed
to aggregate features from all points in the previous layer, yielding a 512-dimensional latent
feature vector. To ensure that the network’s feature learning is independent of large variations
in translation, the edge clouds are centred before being processed by the network. For training,
the decoder is structured as an interpolator, where both points and features are interpolated from
the previous layer and concatenated with the learned features from the corresponding encoder
layers. The decoder is expected to produce a point cloud D as its output.

The overall learning process is conducted by minimising the Chamfer Distance between the

input point cloud E and the predicted point cloud D, which is defined as:

_ : _ 2 : _ 2
Q(E,D) = ;Egggnx y||2+y€ZI:)rxn€1]§:1||x 13- (6.6)

These extracted features, including the centroid and latent space representation, form the

basis for driving the VS process.

6.3.2 Interaction matrix design

As stated earlier, the interaction matrix is a fundamental component in visual servoing, as it
establishes the relationship between variations in features and the corresponding robot motion.
This matrix is typically calculated by determining the partial derivatives of the features with
respect to the robot’s spatial coordinates. Mathematically, the interaction matrix L for a feature

vector F is expressed as:
oF

Lp =,
F op

(6.7)
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where p = [x,y,2,6x, 0y, HZ]T represents the robot’s pose, including both translational (x, y, z)
and rotational (6y, 6y, 6;) components. These partial derivatives quantify how small changes in
the robot’s position and orientation affect the observed features, thus enabling the translation of

feature errors into robot velocities.

The interaction matrix is often derived analytically for simple features such as points, lines,
or centroids [35]. For instance, in the case of a single image point feature, the interaction matrix

is represented as:

1 u uv u?
-3 0 & m —(f+%) v
|7z Z f f
LF B 0 1 v v2 uy ’ (68)
-z z U+%7) -%  -u

where Z denotes the depth of the point in the camera frame, f is the focal length, and (u, v) are

the coordinates of the point in the image plane.

However, for more complex features, such as those derived from a 3D edge cloud or latent
space representations, numerical methods or machine learning approaches can be used to esti-
mate the interaction matrix [36]. In such cases, the matrix may be approximated using finite

differences:

L F(p+Ap) - F(p)

L
F Ap

(6.9)

or by training a model to predict the Jacobian based on empirical data [186]. The accuracy of
the interaction matrix is crucial, as it directly influences the precision of the robot’s movements
during the VS task. In this method, where 3D point information is directly utilised, specifically
the object centroid ¢, the interaction matrix for a 3D point with respect to spatial velocity is

defined as [36]:
I 00 0 ¢ -c

Le=101 0 —c, 0 ¢ - (6.10)
001 ¢ —cx O

For the latent feature f, the derivation of the interaction matrix is inspired by [186], where
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a detailed analysis is provided. Hence, the feature Jacobian is calculated as:

B
b= 05 ) (6.11)
L - OH(E) E
OE Ov
L; = LyLg,

where Lg is the interaction matrix that defines the relationship between edge points and spatial
velocity, and is defined as:

Lg = [L,,L., -, L~]7, (6.12)

where L, fori € {1,2,---, N} represents the rate of change of a point & with respect to spatial

velocity, and is derived similarly to (6.10) as follows:

1 00 O e —eg
Li=10 1 0 = 0 € |- (6.13)

Z

001e§ el 0

The matrix L¢; represents the interaction matrix containing the rate of change of features
with respect to the change in edge points. In the considered network, set-abstraction (denoted
as S()) and feature extractor (denoted as W()) modules are used as three consecutive sequential
layers, followed by a linear layer A/ to obtain the feature vector. Let the superscript /1,12, 13

represent each set of modules, respectively. From (6.11), L¢, can be expressed as:

_ OH(E)
Ly =—3E
_ AL2(W'(S''(E)))
Ly = o (6.14)
OL2(W'(E, )
Lo = oK .

where E;{l ., are the selected k1 anchor points with m points randomly selected to calculate

anchor point features, performed by the set-abstraction layer S'I.
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Each feature extractor W consists of three 2D convolutions (W;, W;, W) with kernel size
(1,1) and ReLU activation a(). Let the weight matrix for each convolution operation be

Alll, Alzl, Aél and the biases be blll, blzl, bgl. Hence, (6.14) can be extended as:

OL2(W''(E,, )
Lo = oE
_ 6L2(a(Wél(a(W§1(a(W{I(Ekl,m)))))))
H = 9E
. OL2(a(WS! (a(W (a(AE, , +bi))))))
H = 9E
. OL2(a(W3! (a(W)! (a(AT'E,, . +DBiD))))) H(AVE, , +bi) (6.15)
H H(AE,, , +bl) OE
IL2(a(Wi (a(WL(O!))))) a(A'E,, +b)
7_{ = 7’
a(0l) O(AV'E;,, +bih)
L2(a(Wil(a(WH(O'H))))
3 = 3 2 1 Cl(Alll),

a(0h

where Oll.j represents the output of the ith layer in the [ jth feature extraction module. Following
the same steps for the remaining two layers in the feature extraction module, the network

interaction matrix for layer /1 is obtained as:

AL2([O''|E
A([O"|E

2l a(Ala(Alla(Al)) (6.16)

Ly = ;
k2,m])

By partially differentiating all the module set layers in a similar manner, the final interaction

matrix is derived as:
Ly =Afa(ADa(Aa(ARA)))
A = [a(Aéza(Alfa(Alle’)))|LE;€3 ] 6.17)

A= [aala(ataAl L MLy |,

The interaction matrix is calculated for each input at each iteration in the visual servoing

loop. The interaction matrices L, and L are then utilised in a velocity controller to estimate
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the end-effector velocity that minimises the feature error.

6.3.3 Controller design

The proposed method utilises a hybrid approach where two distinct visual cues are employed
to perform the VS task. To implement this approach effectively, a velocity control strategy has
been designed to estimate the camera’s spatial velocity by appropriately weighting the two visual
features. In the proposed control method, the robot’s translational velocity is determined using
the centroid interaction matrix and the corresponding centroid feature error. The interaction
matrix for the centroid, L., establishes a linear relationship between changes in the centroid
position and the required translational velocity, as expressed in (6.10). To focus solely on
the translational component, the interaction matrix is decoupled into translational and angular

components as follows:

_ trans angular
L. = [Lrons LC :

where,
1 00
Ltrans — 0 1 0 ,
¢ (6.18)
0 01
0 ¢, -c¢
Lgngular = | —c, 0 ‘.
cy —c¢x O
The translational velocity v;, computed using Equation (6.4), is then given by:
_ transt—
v, =-AL/“" ¢, (6.19)

where A is the control gain, L " "is the pseudoinverse of the interaction matrix, and ¢ represents

the centroid feature error.
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For angular movements, the latent space feature representation is utilised. The interaction
matrix for the latent features, L ¢, relates the changes in the latent feature vector to the required
spatial velocity. The error in the latent space features, £, is used to compute the angular velocity
by partitioning the feature interaction matrix into translational and angular components, i.e.,

Ly= L‘fr ans Laf"g "lm]. The control law, as defined in Equation (6.3), can be written as:

f = Lfv,
? _ [Ltrans Langular Vi (6 20)
N A b ’ ’

Vo

3 l
f =Ly, + LTy,

Using Equation (6.4), the angular velocity is formulated as:

[ p—
vy = _ij’g”l“r (Af + L"), (6.21)
T . . .
where Laf"g “lar’ is the pseudoinverse of the angular component of the latent feature interaction

matrix Lz, and v, is the translational velocity calculated using Equation (6.19). By decoupling
the control tasks between translational and rotational DoF, the control strategy allows for inde-
pendent optimisation of each movement type. The translational DoF are managed effectively
by the centroid-based control, ensuring robust movement towards the target. Simultaneously,
the rotational degrees of freedom are governed by the latent space features, providing a detailed

representation of the object’s orientation and enabling precise adjustments to the robot’s pose.

Once the velocity has been calculated using the controller defined in Equations (6.19) and
(6.21), it is necessary to apply this velocity to the robot’s joint space to move to the next
position. Since the visual information used to calculate the velocity is in the camera frame,
the resulting velocities are also expressed in the camera frame. Before these velocities can
be utilised to calculate the new joint positions, they are transformed into the robot’s world
frame. The transformation from the camera frame to the world frame is performed by applying a

homogeneous transformation matrix T.,,, which represents the pose of the camera with respect
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to the world frame. Estimated camera velocity v in world frame v’ is calculated as

o € = [T [: 3,0 3], TS [ 3,3]

v,V =Vv[3:],v][: 3]

yY =1, (6.22)
v/ =1, v — v, Xt
v = vl

where r, and t{, are the rotational and translational components of the camera pose, respectively.
v; and v, are the translational and angular component respectively, of the velocity in camera
frame, and v;" and v}, are the respective components of velocity in world frame. To convert
the world frame velocity into joint space velocity, the robot’s Jacobian matrix is utilised. The
Jacobian matrix J, relates the velocities in the Cartesian space to the velocities in the joint space.

The general form of the Jacobian is given by:

vw =J1-(9)q, (6.23)

where v,, is the velocity in the world frame, ¢q is the vector of joint angles, and ¢ is the joint

velocity vector. The joint velocity is then calculated as,

G=J(q) v, (6.24)

Using the computed joint velocities ¢ from Equation (6.24), the new joint positions can be

updated using the following integration:

Qnew = Qeurrent + AL, (6.25)

where ¢q,,.,, represents the updated joint positions, g .,rrens 1S the current joint position, and At is

the time step. By applying these equations, the calculated velocities in the camera frame can be
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effectively transformed into joint movements, ensuring accurate robot motion that aligns with

the VS objectives.

6.4 Experimental results

The performance of the proposed method was validated in a simulated and real-world environ-
ment using a 7-DoF robotic arm. Multiple experiments were conducted with different object

settings, and the convergence of the visual servoing control was thoroughly evaluated.

6.4.1 Experimental setup

The simulation environment was established using the PyBullet physics engine, which provides a
reliable and efficient platform for robotics simulations [54]. The setup consisted of a 7-Degree of
Freedom (7-DoF) robotic manipulator equipped with a parallel jaw gripper. A virtual 3D camera
was simulated within the environment to capture the necessary visual information, including the
object’s point cloud. The camera was simulated in an eye-in-hand configuration [313], meaning
that it was attached to the end-effector of the robotic arm. Note that the camera was calibrated
with respect to the robot’s end-effector to ensure accurate transformations between the camera
and world coordinates. An equivalent real world environment was setup using a Kuka 7-Degree
of Freedom (7-DoF) robot equipped with a parallel jaw gripper. An ensenso depth camera is
placed in an eye-in-hand configuration [313]. The camera is calibrated using the mathematical
formulations as discussed in Section 2.8.

The learning-based feature extractor was implemented using PyTorch [14] library in Python
and distributed data learning strategy was utilised for training. The model was trained for 1001
epoch with a batch size of 100. A similar training data generation strategy is utilised as discussed
in Section 4.5.1. Finally, 256 edge points are selected to be passed to the network. The 3D
edges cloud before the addition of noise is considered as the expected output from the network.
Overall, the feature extraction inference time of the network is ~ 60ms, while the interaction

matrix calculation time is ~ 90ms for each sample. Overall pipeline time for each iteration in



6.4. Experimental results Chapter 6. Learning-based visual servoing with 3D edges

the control loop was observed to be ~ 200ms.

Three different objects were selected, a plastic water bottle, a cup, and a master chef can, all
from the YCB objectset [32]. Notably, no texture information was utilised in the experiments,
ensuring that the results were purely based on the geometric features of the objects.

In each experiment, a random pose of the object was chosen as the desired pose. To extract
the features and centroid of this pose, the CAD model of the object was first transformed to
the selected random pose. It was then projected onto a depth map using the virtual camera’s
intrinsic parameters. The 3D edge point cloud of the object at the desired pose was subsequently
extracted from the depth map. The random pose was generated by selecting an orientation angle
randomly within the range of [-45°,45°] along all three axes. Additionally, the object was
translated randomly within the range of [—0.5,0.5] metres in the x and y axes, and between
[0.3, 1.8] metres along the z axis. From the captured point cloud, the desired centroid and 3D
edge features were extracted and subsequently processed to generate the desired feature vector
for control.

The experiments were conducted with a control gain 4 = 0.01 and a maximum number of
iterations set to 3000. Furthermore, a threshold of 0.001 was imposed on the feature error, and
a threshold of 0.0001 was set on the velocities to determine the convergence of the proposed
method. The interaction matrices considered to estimate the spatial velocity, as in equation (6.19)

and (6.21), is computed utilising the desired pose latent features f* and centroid ¢*.

6.4.2 Convergence analysis

The convergence of the visual servoing control was analysed across various experimental setups.
The analysis focused on the reduction in feature error over the iterations and the stability of the
robot’s end-effector as it approached the desired pose.

Figures 6.2, 6.3, and 6.4 present the experimental results for the master chef can, plastic water
bottle, and cup objects, respectively. For each experiment, the robot’s motion, the respective
object point cloud as viewed from the camera, compared against the desired object view, and

the velocity convergence have been depicted. The green point cloud represents the object at the
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Figure 6.2: Illustration of the proposed visual servoing robot movements and velocity convergence for
master chef can object.

robot’s current pose, while the grey point cloud corresponds to the object at the desired pose. It
should be noted that the entire object point cloud is used for display purposes only, while the

servoing was performed using only the 3D edges.

From Figure 6.2, it was observed that smooth and consistent convergence was achieved by
the proposed method. The transition of the robot from the initial to the final pose, along with
the respective point clouds, further validates that the proposed method successfully minimises
the feature error and aligns the current pose with the desired pose. The method demonstrated
rapid convergence, requiring fewer than 500 iterations to reach the desired pose. Nevertheless,
it is important to note that the selected master chef can is a symmetric object. The symmetry

in such objects presents significant challenges in pose recognition due to nearly identical visual
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features appear across different orientations. At times, this similarity can cause confusion in
determining the object’s exact pose, leading to difficulties in accurately aligning or manipulating
the object during servoing tasks. As a result, achieving precise control and interaction with
symmetric objects becomes problematic. To address this, the system can incorporate additional
visual cues such as colour patterns, or small distinctive markers on the object’s surface to break

the symmetry and provide unique features that complement the 3D edges.
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Figure 6.3: Illustration of the proposed visual servoing robot movements and velocity convergence for
plastic water bottle object.

Next, the servoing performance for the plastic water bottle, as illustrated in Figure 6.3,
indicates that the proposed method converged effectively in these experiments as well. The
sequence of robot poses and the alignment of the point clouds further validate the success of

the experiment achieved during the servoing task. It was observed that the method effectively
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minimised the feature error and guided the robot’s end-effector to align with the desired pose,
even in the absence of texture information on the object. These results demonstrate that the
proposed method is robust and reliable when dealing with texture-less objects, as it relies solely
on geometric 3D edge features for the servoing process. The ability to perform precise alignment
based on edge features alone highlights the method’s effectiveness in scenarios where traditional
visual features, such as texture and colour, are unavailable or unreliable. This capability is
particularly valuable in real-world applications e.g. in industrial manufacturing where objects

are metallic and shiny.
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Figure 6.4: Illustration of the proposed visual servoing robot movements and velocity convergence for
cup object.

Finally, the visual servoing performance for the cup object is shown in Figure 6.4. It was

observed that the proposed method, similar to its performance with other objects, achieved
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smooth convergence for the cup object. This smooth convergence is reflected in the robot’s
pose and the corresponding point cloud samples. However, it should be noted that the robot’s
initial pose was near a singularity, which reduced the available movement space and introduced
additional challenges. A potential solution is to use a secondary control task operating in the
robot’s null space, particularly for robots with redundant joints.

The convergence anaylsis of the proposed method on real world robot experiments are
provided in Figure 6.5 and Figure 6.6. The two figures present the translational and angular
velocity convergence for when the target pose is only a variation in z-axis and when the target
pose is moved in all directions, respectively. For both the scenarios, the convergence is achieved
in less than 50 iterations. The initial fluctuations in the velocities stabilises quickly, obtaining a

smooth control.
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Figure 6.5: Illustration of the proposed visual servoing robot movements and velocity convergence for
master chef can object in real world experiment with movement in only z-axis.

Overall, the experimental results demonstrated that the proposed control method achieved

smooth and reliable convergence within the specified thresholds. The method effectively guided
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Figure 6.6: Illustration of the proposed visual servoing robot movements and velocity convergence for
master chef can object in real world experiment with movement along all the axis.

the robot to the target pose in the simulated and real world environment, confirming its efficacy

in dynamic and complex scenarios.

6.5 Summary

This chapter proposed a learning-based visual servoing approach that utilises both centroid-based
and latent space feature-based control strategies to achieve precise robot motion. The proposed
VS scheme leverages centroid features for robust translational control and latent space features for
detailed rotational control. Visual information is first extracted from a 3D point cloud captured
by a simulated camera. The object’s centroid and a K-dimensional latent feature vector are
computed as primary inputs for the control strategy. The centroid interaction matrix calculates
the translational velocity, while the latent space interaction matrix determines the angular
velocity. These velocities, initially computed in the camera frame, are then transformed into
the world frame using the camera-to-world transformation matrix. The robot’s joint velocities
are determined by applying the pseudoinverse of the robot’s Jacobian matrix to the transformed
velocities, and the joint positions are updated iteratively to guide the end-effector towards the
desired pose. The method was validated in a simulated environment using a 7-DoF robotic
arm and objects from the YCB dataset, demonstrating smooth and reliable convergence in
fewer than 500 iterations. The results confirmed that the considered control strategy effectively

reduced feature errors and achieved the desired pose with high accuracy. The proposed method
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shows promise in handling complex and dynamic environments, making it a robust solution for

autonomous robotic tasks in unstructured settings.



Chapter 7

Conclusion

The widespread deployment of autonomous robots in industries like manufacturing, logistics,
healthcare, and energy represents a major leap forward in robotics. Achieving full autonomy
allows these robots to operate with greater efficiency, reliability, and safety. The compo-
nents of sensing, processing, and actuation must seamlessly work together to ensure a reliable
autonomous system. Among these, the ability to sense and process visual information is par-
ticularly important for accurately perceiving and interacting with the environment. However,
challenges such as varying object textures, lighting conditions, environmental complexity, and

intricate object details often hinder the effectiveness of these tasks.

This thesis presents methods for processing visual data that are resilient to variations in
object texture, object complexity, and environmental complexity. An unsupervised learning-
based method was initially proposed to detect 3D edges from depth maps. These 3D edges,
which capture the geometric contours of objects, are robust features that can be extracted even
in challenging scenarios, such as when dealing with texture-less objects. The extraction process
involves encoding a scene’s depth map at multiple scales, followed by the extraction of edge
specific features at each scale. These per-point features are then clustered into edge or non-
edge points through unsupervised deep clustering. The effectiveness of the detected 3D edges
was evaluated using point cloud registration and F-score-based metrics across five benchmark

datasets from the literature. This method was compared with four State-Of-The-Art (SOTA)
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methods and demonstrated competitive 3D edge detection performance while not requiring
manual threshold tuning or labelled data, both of which are necessary for other methods in the

literature.

Building upon the detected 3D edges, a pose estimation method was developed to estimate
the 6-DoF pose of objects in unstructured environments. This method was designed as a
self-supervised deep learning-based network, that aligns the CAD model of an object with the
detected object’s 3D edges through deep feature correspondence. When compared to traditional
and learning-based SOTA methods from the literature, the proposed method outperformed them
on three benchmark datasets while utilising only 5% of the data points in the point cloud. The
method proved effective for reliable pose estimation in complex, unstructured environments,
utilising texture-independent 3D edge features, making it particularly suitable for texture-less

objects.

To further enhance the understanding of object properties and facilitate the use of specific
visual processing techniques, an articulated object classification method was introduced. This
method was developed as a local region registration-based motion estimation approach, wherein
a video sequence of an object being manipulated was used as input. Within this video, each pair
of frames was classified as rigid motion, articulated motion, or no motion. This was achieved by
extracting the object’s point cloud from each frame and performing registration on local patches.
The final classification was determined by accumulating the classifications across all frame sets
in the video sequence. The method demonstrated high accuracy in classifying objects without

the need for any object model or texture information.

Finally, the practical reliability of the detected 3D edges was evaluated through a visual
servoing task. To accomplish this, a learning-based visual servoing approach was designed,
wherein the 3D edge information was utilised to perform the servoing task. The effectiveness
of the method was evaluated through simulations involving multiple texture-less objects, using
a 7-DoF robot equipped with a depth camera in an eye-in-hand configuration. The results

indicated that the task converged quickly, with the overall feature error decreasing smoothly.

In conclusion, the research presented in this thesis offers a robust framework for the process-
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ing of 3D visual data in autonomous robotic systems, particularly in challenging environments.
The developed methods have shown resilience to variations in object texture and complexity,
demonstrating their applicability across a wide range of scenarios. These advancements con-
tribute significantly to the field of robotics, paving the way for further research and development

in autonomous systems capable of operating in diverse and complex environments.

7.1 Research impact

This research significantly advances the field of vision-guided robotics by addressing core chal-
lenges in object detection and pose estimation, particularly for texture-less objects in unstructured
environments. The methods proposed in this work have implications across multiple industries

and academic fields.

Across various industries, the proposed methods for 3D edge detection and pose estimation
have been shown to enhance the precision, reliability, and flexibility of automated systems. In
manufacturing and logistics, the handling of texture-less components, which often lack distinct
visual features, has been significantly improved. The advancements allow robotic systems to
perform grasping and manipulation tasks with greater accuracy, thereby streamlining operations
in assembly lines and warehouses. In the healthcare sector, these innovations could contribute
to enhanced precision in surgical robotics, enabling safer and more effective robotic-assisted
procedures. Similarly, in the energy sector, tasks such as pipeline maintenance, wind turbine
repairs, and nuclear facility operations are expected to benefit from improved autonomous
capabilities, thereby reducing human exposure to hazardous environments while increasing
operational reliability. In agriculture and mining, where robots are required to function in
dynamic and unpredictable settings, these solutions facilitate more effective navigation and
object manipulation, improving productivity while reducing the need for human intervention in
high-risk activities.

Beyond industry-specific applications, this research makes valuable contributions to the fields

of computer vision, robotics, and artificial intelligence. The introduction of unsupervised and
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self-supervised learning methods has reduced reliance on extensive labelled datasets, making
the proposed solutions more accessible to a wide range of applications. By employing 3D vision
and point cloud data instead of traditional 2D methods, the thesis advances the understanding
of spatial relationships and object geometry, establishing new benchmarks for vision-guided
systems. The performance of these approaches has been validated against benchmark datasets,
ensuring their relevance and applicability to real-world challenges.

In conclusion, the work conducted in this thesis addresses critical challenges in vision-
guided robotics, making significant contributions to the development of autonomous systems.
The methodologies proposed enhance flexibility, reliability, and efficiency, providing a strong
foundation for the integration of such systems into diverse industries. The research not only
advances academic understanding but also lays the groundwork for practical and impactful

applications in industrial and real-world contexts.

7.2 Future research directions

Numerous unresolved research challenges related to the practical utilisation of autonomous
robots in unstructured environments remain. However, within the scope of this thesis, the

following open problems are proposed for future investigation.

3D Edge detection from unorganised point clouds In this thesis, the 3D edge detection
method presented in Chapter 3 was performed on organised point clouds structured as depth
maps. However, in real-world scenarios, point cloud data may not always be organised. There-
fore, extending 3D edge detection to unorganised point clouds is suggested as an area for future

research.

Joint modelling for articulated objects In Chapter 5, the classification of objects as articu-
lated or rigid was addressed. However, the method could be extended in future research to also
model the motion of different components during classification, thereby providing additional

information about the type and number of articulations within the object.
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Task-oriented application of visual servoing The visual servoing method proposed in Chap-
ter 6 could be further developed in future research to incorporate additional tasks such as
grasping, assembly, and manipulation, alongside servoing. This would allow for the study of

servoing performance and task accuracy when using 3D edge features.

Task-Oriented Application with Pose Estimation The 6-DoF pose estimation method pre-
sented in Chapter 4 could be combined with tasks such as bin picking, grasping, assembly, and
manufacturing in future research to evaluate its efficacy across different applications. Addi-
tionally, this approach could assess the performance accuracy of these tasks in texture-less and

unstructured environments.

Non-Visual Object Recognition In this thesis, visual features, in the form of 3D point clouds,
have been utilised in all the proposed methods. However, visual data may not always be available.
For such scenarios, tactile sensors could be employed to gather the necessary information.
Therefore, as future work, the methods proposed in this thesis could be extended to utilise tactile

sensor data to perform the respective tasks.

Handling object deformation Objects in the real world may undergo deformations due to
external pressures, which can adversely affect the performance of object recognition and pose
estimation methods designed specifically for rigid objects. In future work, the potential of 3D
edges could be explored to evaluate their effectiveness in recognising and estimating the pose of

deformed objects.

7.3 Dataset bias and impact

Datasets for visual object detection and pose estimation, as discussed in Section 2.7, often
suffer from biases in fairness, inclusiveness, and representation, limiting their generalisability
to global applications. Many datasets are skewed toward specific object categories, regions,

or environments, such as industrial or structured indoor settings, while under representing
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dynamic, unstructured environments like agricultural fields or disaster zones. This leads to
challenges in recognising objects with diverse shapes, textures, and cultural variations, such as
deformable objects or region-specific designs. Furthermore, the dominance of objects sourced
from particular regions introduces representation bias, introducing challenges to the methods

effectiveness when deployed in different global contexts.

The methods proposed in the thesis address challenges in dataset bias, representation, and
inclusiveness through the use of unsupervised and self-supervised learning approaches, which
reduce reliance on extensive labelled datasets. This allows for improved generalisation to unseen
objects and environments. By utilising 3D edge-based features and point clouds, the methods are
designed to be texture-independent, enabling robust performance on diverse object surfaces. In
this way, biases associated with datasets that predominantly feature visually distinctive, textured
objects are mitigated.

Additionally, the methodologies have been validated on multiple benchmark datasets, which
include unstructured environments and objects with varying complexity. This ensures that the
models are exposed to a range of diverse scenarios, thereby reducing the effects of represen-
tation bias. The inclusion of techniques to handle both articulated and rigid objects enhances
inclusiveness, allowing the methods to generalise to a wider variety of object types encountered

across different industries and regions.

7.4 Social and ethical impacts

The thesis introduces advancements that could have significant social and ethical implications
across various industries. The improved precision and reliability of autonomous systems could
enhance workplace safety by reducing human involvement in hazardous tasks, particularly
in sectors such as mining, nuclear decommissioning, and agriculture. However, concerns
regarding job displacement due to automation must be addressed through ethical measures such

as retraining and upskilling affected workers.

Ethical considerations related to dataset bias and representation must also be taken into
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account. Although the methods focus on texture-less objects and unstructured environments,
insufficiently diverse datasets may lead to systems that perform poorly in underrepresented
scenarios. Furthermore, privacy concerns may arise in applications such as surveillance, health-
care, and personal robotics, where the handling of sensitive data must comply with ethical and
regulatory standards. The environmental impact of deploying autonomous systems, including
energy consumption and electronic waste, must also be managed to ensure sustainability.

To address these issues, the equitable deployment of these technologies must be prioritised to
avoid exacerbating inequalities between regions or industries. Transparency in the development
of datasets and methodologies should be encouraged, along with the establishment of regulatory
frameworks to monitor and prevent misuse. These measures would help ensure that the social

and ethical impact of the research remains positive and widely beneficial.
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Appendix A

Evaluation matrices and computational
complexity derivation for 3D edge

detection method

Preliminary remarks

The research in this appendix was published in the following paper:

* Aggarwal, A., Stolkin, R. & Marturi, N., Unsupervised learning-based approach for de-
tecting 3D edges in depth maps. Sci Rep 14, 796 (2024). https://doi.org/10.1038/s41598-
023-50899-3

Note: Some parts of this appendix, including kernel functions, evaluation metrics, and compu-

tational complexity derivation are adapted from [11].

A.1 Kernel functions

The four kernel functions employed in 3D edge detection to extract gradient-based edge features
from depth maps include Sobel, Roberts, Prewitt, and Laplacian of Gaussian (LoG) [13]. These

kernels are designed to identify abrupt changes in depth at specific points in the depth maps
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by calculating derivatives in both horizontal and vertical directions. The magnitude of the
gradients is computed using the root sum squared (RSS) method. A threshold is then applied to
differentiate edges from non-edges based on the computed derivatives. Each of these kernels is

detailed below.

Sobel kernel is an isotropic 3 x 3 gradient kernel used to approximate derivatives in a depth
map through the convolution operation. The Sobel kernel in the X and Y directions is defined

as follows:

+1 0 -1 +1 +2 +1
Gy=[+2 0 =2|, Gy=|l0 0 ©
+1 0 -1 -1 -2 -1

The Sobel kernel is more sensitive to detecting diagonal edges than to horizontal and vertical
edges. It has been observed to perform well for most depth maps but is prone to high-value

variations, which can lead to inaccuracies in edge detection.

Roberts kernel is a 2 x 2 gradient kernel designed to calculate discrete differentiation at each
point of the depth map. It provides intensity differences in the diagonal direction. The Roberts

kernel for the X and Y directions is given as follows:

Due to its small size and integer values, the Roberts kernel is highly sensitive to noise. This
sensitivity is observed in its computations, making it most effective when applied to binary

images, where noise levels are minimal.

Prewitt kernel is a 3 x 3 gradient kernel that operates similarly to the Sobel kernel but uses

the maximal directional gradient to identify edges. The Prewitt kernel in the X and Y directions
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is defined as follows:

+1 0 -1 +1 +1 +1
Gy=[+1 0 -1|. Gy=|0 0 0
+1 0 -1 -1 -1 -1

While the Prewitt kernel is simpler than the Sobel kernel, it is more susceptible to noise, which

can affect its accuracy in edge detection, particularly in depth maps with high noise levels.

Laplacian of Gaussian (LoG) kernel is a 3x3 kernel that computes second-order derivatives,
providing a sharp response at points where depth values experience significant disruptions. Two
different LoG kernels were utilised together, and their magnitude was calculated using the RSS

method. These kernels are defined as follows:

0 -1 0 -1 -1 -1
Gi=|-1 4 -1|, Gy=|-1 8 -1f.
0 -1 0 -1 -1 -1

The first LoG kernel is particularly effective in calculating gradients for horizontal and vertical
edges, while the second kernel excels in identifying variations in all directions. Together, these
kernels enhance the ability to detect complex edge patterns in depth maps, though they are also

more prone to capturing noise as part of the detected edges.

A.2 Evaluation metrics

In this section, the two evaluation metrics, namely pose estimation and F-measure, which are
utilised for the quantitative analysis of the proposed 3D edge detection method, are thoroughly

discussed.
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A.2.1 Pose estimation

As outlined in Section 3.5.3, poses are computed by registering the detected edges with the
point cloud of the model using the Random Sample Consensus (RANSAC) algorithm. These
initial estimates are subsequently refined using the Iterative Closest Point (ICP) algorithm. The
outcome is a homogeneous transformation matrix P of size (4 X 4), which comprises a (3 X 3)

rotation matrix R and a (3 X 1) translation vector t. The pose matrix is represented as follows:

P= : (A.1)

Let the predicted pose after registration be denoted as PP"¢?. Several metrics are then employed
to quantify the error between the predicted pose and the ground truth pose P"*“¢, as detailed

below.

Frobenius norm of pose difference

This metric, denoted by ||A||r, provides the squared sum of the element-wise differences between
the two matrices. The Frobenius norm is computed to quantify the difference between P*¢ and

PPred and is calculated as follows:

4 4
1Allr = )] D (R =PI, (A2)

L

Rotational error

The rotational error, represented by R,,,, measures the difference in rotation between two pose
matrices. This metric is computed by taking the arccos of the phase difference between the two

rotational matrices along the diagonal components. The rotational error is calculated as:

R, = arccos((Tr(RP"*/(R"™)™1) - 1)/2), (A.3)
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where Tr(-) represents the trace operator. The axis-angle representation is used by this metric

to compute the angular error between the two rotations.

Translation error

The translation error, denoted by T,,,, quantifies the difference in translation between the ground
truth and predicted translation vectors. This metric is computed by measuring the Euclidean

distance [66] between the two vectors and is expressed as:

Terr — \/Z(ttrue _ tpred)z. (A4)

Average distance of model points

The average distance of model points, represented by Zg, is calculated as the average point-to-
point Euclidean distance [66] between the two models of the objects transformed by P?"¢¢ and
P'"#¢_ This metric is particularly applicable when the model has an indistinguishable view along

all directions. The metric is computed as:

1
ZE — M(\/Z(Ptruex _ PpredX)Z)’ (AS)

where M denotes the number of points in the model point cloud, and x is a homogeneous point

belonging to the point cloud.

A.2.2 F-measure

The F-measure is used to assess the accuracy of the model with respect to its ground truth.
For 3D edge detection, the F-measure quantifies the accuracy of the 3D edges predicted by the
trained model compared to the ground truth edges. It is computed as the harmonic mean of

precision and recall, calculated as:

2PrecRec

_ (A.6)
Prec + Rec

Fineas =
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where Prec denotes precision and Rec denotes recall. Each of these measures is computed
using a distance threshold, which is considered to be one point in each direction. The details of

these metrics are discussed below.

Precision

Precision is defined as the ratio of the number of correctly identified edges to the total number
of identified edges. It serves as a measure of the detection accuracy of the trained model. In
a distance threshold-based computation, the correctness of each predicted edge relative to the
ground truth edge is assessed within a distance of one point in all directions. Precision is

computed as:
1

Tl Z (dist(e,E") < 6), (A.7)

ecEP

Prec =

where E’ represents the set of ground truth edge points, E” represents the set of predicted edges,
6 is the distance threshold for considering successful edge detection, and disz(-) denotes the

distance calculation function.

Recall

Recall is defined as the ratio of the number of correctly detected edge matches to the total number
of edge points in the ground truth. It represents the reproducibility of the trained model. The

distance threshold for recall is computed in a manner similar to precision and is expressed as:

Rec = ﬁ Z (dist(e,EP) < 6). (A.8)

ecE,

A.3 Computational complexity derivation

The computational complexity of an algorithm is determined by calculating the sum of the total
number of basic arithmetic operations required for its computation. In this section, the total
number of operations involved in the base components of the 3D edge detection network is first

discussed. Subsequently, the overall computational complexity of the network is derived by
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combining these individual component complexities.

A.3.1 Base operations
Convolution layer

In the network, a convolution layer applies a fixed-size convolution kernel over the entire input in
a moving window format to generate the output. The computational complexity of a convolution
layer is dependent on several parameters, including the input data size (height 4, width w, and
channels c), filter size ns, and kernel size n;. The total number of multiplications N™" and

additions N34 required for the convolution operation with a single filter are given by:

N™UI — fosw X (g X c),

(A.9)

N = hxw x (ng xc—1).

In addition to these operations, a bias term is added for each convolution operation. The number

of bias computations N213, is:

NP — sy x 1. (A.10)

conv

Thus, the total number of operations N,y required for a single filter in a convolution layer is

calculated as:
Nconv — Nmult + Nadd + Nblas

conv conv conv?
(A.11)
Neony =h Xw X (2Xng Xc).
When considering all the filters, the total number of operations becomes:
Neony = h Xw X (2Xng Xc)Xng. (A.12)

Activation functions

Activation functions are employed to introduce non-linearity into the learning process. In
the 3D edge detection method, two activation functions are used: RelLu and student-T. The

computational complexity of the ReLu activation function N, applied to an input of size
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(h,w,ny) is calculated as:

Nrelu = hxXwxX nr. (A.13)

Similarly, the computational complexity of the student-T activation function Ngyr, with 2

clusters, is computed as:

nume

T = hXwx (ny+4),

N = hxwx (ny +4),

(A.14)

_ nume deno
Ngut =2 X (Ngyp* + Ngor + 1),

Ngwr =4 XhXwXng+16XhXw+2,

where N ¢ represents the number of computations from the numerator, and N ;ﬁl’%o represents

the number of computations from the denominator of the student-T equation.

Edge thinning layer

The edge thinning layer performs a series of minimum pool operations with a vectorised kernel
size n,. A minimum pool operation is akin to a max pool operation, where all values are
first negated, followed by max pooling, and then the values are inverted again. For an input of
size (h,w, c), the number of computations required for the minimum pool operation Npinpool 1S
calculated as:

Ninpool = h X w X ((ny, — 1) X ¢ +2). (A.15)

A combination of min pool operations along the X, Y, and XY directions is employed to eliminate
noise and narrow down the edge gradients. Additional operations are performed to merge the
results of the three minpool operations. The total computational complexity of the edge thinning

operation NedgeThin 18 then calculated as:

XY
N, minpool — 2 XN, minpool»

merge Al
NedgeThin =2XhXw, (A.16)

X Y
N edgeThin = N N

XY merge
minpool + minpool +N 1t N

minpoo. edgeThin’
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where NX. ,NY. ,and NXY represent the number of operations for minpool in the X,
minpool” © " minpool minpool
merge

Y, and XY directions, respectively. N represents the number of computations required to

edgeThin

merge the outputs of the minpool operations in the edge thinning layer.

Normalisation layer

In the proposed approach, min-max normalisation is employed. The computational complexity

of the normalisation layer Ny for an input of size (h, w, ¢) is calculated as:

NDIn - — B,

norm

N s (A.17)

norm

Noorm = (Nmi“ + NDX L] 42 % (hX w)) X c,

norm norm

where N0 and Na% represent the computations required to calculate the minimum and

maximum within the given input.

A.3.2 Network layers

Encoder layers

The encoder layers consist of three convolution operations with ReLu activation applied to depth
images of respective sizes. Using equations (A.12) and (A.13), the total number of operations
performed in the encoder layers is calculated. For the 3D edge detection network, n; = (9,9,9),
ng=(16,16,16), c = (1,16,16), h = (H,H/2,H/4), and w = (W, W /2, W /4) for each of the

encoder layers, respectively. The total computations Neyc for the encoder block are given by:

N =HxWx(2x9x1)x16+H x W x 16,
H W H W
Ngnc:5x;x(2x9x16)x16+5x?x16,
H W H W
NSHC:szx(2x9x16)x16+zxle6, (A.18)
_ vl 2 3
Nenc - Nenc + Nenc + NenC’

=1749 x Hx W.
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Here, N} . N2  and N3

encs NVénes onc Tepresent the computations from each layer. Considering the asymp-

totic bound on the encoder’s performance, the computational complexity in terms of Big-O

notation is expressed as O (HW).

Multi-size split layers

These layers function similarly to the encoder, involving convolution operations. Therefore, the
computations are equivalent to Nepe. In this case, ny = (1,1, 1), np = (1,1, 1), ¢ = (16, 16, 16),
h=(H,H/2,H/4), and w = (W,W /2, W/4) for each of the side outputs, respectively. The

total number of computations Ny for the multi-size split block is:

1 1
Npure = 33 X HXW+ZXHXW+1_6XHXW' (A.19)

Taking the asymptotic bound, the complexity of the multi-size split block is O (HW).

Edge feature extractor layers

These layers consist of three steps: gradient filtering, edge thinning, and normalisation. The
computations for each step are calculated and summed to obtain the final number of operations.

These calculations are as follows:

Gradient filter The gradient filter is applied as a convolution operation with a kernel size
ni = 9 in the edge detection method. The total number of gradient computations Ng,q for the

three different sizes is:
1 1
Ngraqg = 18 X H><W+Z><H><W+E><H><W. (A.20)

Edge thinning layer The edge thinning layer performs a series of operations as described in
Section 3.4.4. For the edge detection method, the computational complexity is calculated using

equation (A.16) with n,, = (2,2,2) and ¢ = (1,1,1). The total edge thinning computations
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Nedge—thin are:

1 1
Nedge—thin = 8 X HXW+ZXHXW+EXHXW . (A.21)

Normalisation operation Normalisation is utilised to control the range of data for improved
learning. The normalisation computational complexity N, can be directly derived from equation

(A.17) with ¢ = (1, 1, 1) for the proposed method. The total computations are:
1 1
Ny =4 X HXW+ZXHXW+1_6XHXW + 3. (A.22)

Taking these computations into account, the total number of calculations for the edge feature

extractor Ng. 1S calculated as:

Nfeat = Ngrad + Nedge—thin + N,
(A.23)

1 1
=30 x HXW+ZXHXW+1_6XHXW + 3.

In terms of Big-O notation, the computational complexity of the edge feature extractor is
O(HW).
Upscaling and merge layer

This layer upscales the smaller-sized edge features to the original input depth image size and
then merges them. The number of computations N, required to perform this task is calculated
as:

N, =2(H+W)+4HW. (A.24)

Clustering layer

This layer is implemented as a k-means clustering operation, and the total number of computa-
tions N, is:

N.=1+13HW. (A.25)

Finally, the total number of operations N required for the 3D edge detection process is
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calculated as:

N = Nene + Nmuie + Nfeat + Ny + N,
(A.26)

=1849X HXW+2XH+2XW+4.

Upon finalising the network parameters for kernel size and filters, the overall computational

complexity of the proposed 3D edge detection network is determined to be O(HW + H + W).
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B.1 Simulating depth cameras

Depth cameras, such as those used in RGB-D sensors, operate based on specific intrinsic
parameters that define the mapping from 3D space to 2D image coordinates. Understanding
these parameters is crucial for accurately converting depth images into point clouds. The
intrinsic parameters of a depth camera are encapsulated in a camera matrix, typically denoted
as K. This matrix is a fundamental component in the projection equation that relates a 3D point

in the camera coordinate system to its 2D projection on the image plane.

B.1.1 Camera intrinsic matrix

The camera intrinsic matrix K is defined as:

i 0 cx
K=|0 f o (B.1)
0O 0 1

where f, and f are the focal lengths in pixels along the x and y axes, respectively. ¢, and c,
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are the coordinates of the principal point, which is usually the center of the image. The matrix

assumes that there is no skew between the x and y axes, which is valid for most cameras.

B.1.2 Projection of 3D points to 2D image plane

The relationship between a 3D point P, = [X,, Y, Z.]" in the camera coordinate system and its

corresponding 2D point p; = [u, v]7 on the image plane is given by:

Xe
" Ze
=K |L B.2
v =K|L (B.2)
1 1

B.1.3 Conversion from depth image to point cloud

To convert a depth image to a point cloud, the inverse of the above projection process is applied.
Given the pixel coordinates (u,v) and the depth value d (which corresponds to Z.), the 3D

coordinates (X, Y., Z.) in the camera coordinate system can be computed as:

Xc = (u_fﬂ (B3)

Y, = W (B.4)
y

Z.=d (B.5)

Here, the depth d is directly obtained from the depth image, where each pixel value represents
the distance from the camera to the corresponding point in the scene.

The intrinsic parameters of a depth camera play a vital role in the conversion of depth images
into point clouds. By accurately modelling the projection and inverse projection processes using
the intrinsic matrix K, 3D points can be reconstructed with high fidelity, enabling a realistic

simulation of camera for data generation.
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B.2 Evaluation methodologies for object pose estimation

The evaluation methodologies employed in EOPEN to assess the performance of object pose

estimation are outlined as follows:

B.2.1 Visible Surface Discrepancy (VSD)

The Visible Surface Discrepancy (VSD) metric measures the average distance between the

estimated visible surface points and the ground truth. It is computed as:

1
VSD = — in (||RX +t — Rg/X — tg/||, B.6

xeV

where R, t are the estimated rotation and translation, Ry, ty, are the ground truth, V is the set of

visible points, and 7 is a threshold for outlier influence.

B.2.2 Maximum Symmetry-Aware Surface Distance (MSSD)

The Maximum Symmetry-Aware Surface Distance (MSSD) measures the maximum distance

between corresponding points on the object surface, considering symmetries:

MSSD = in||[Rx+t—R,,Sx — t B.7
gé%irsnelgll X 2SX — to/| (B.7)

where M is the set of model points, S represents symmetry transformations, and S is a symmetry

transformation applied to the points.

B.2.3 Maximum Symmetry-Aware Projection Distance (MSPD)

The Maximum Symmetry-Aware Projection Distance (MSPD) evaluates the maximum distance

between the 2D projections of the object model under the estimated and ground truth poses,
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considering symmetries:
I);ré%(rsréISHHH( X ) 7T( X gl)” ( )

where 7(-) denotes the 2D projection function, and M, S, S retain the same definitions as in

MSSD.

B.2.4 Average Recall (AR)

The Average Recall (AR) aggregates performance across different error thresholds, measuring

the fraction of correctly estimated poses. It is calculated as:

1 O] 1 |71
AR = — — > recall(o;, /) (B.9)
01 2477 2 J

where O is the set of objects, 7 is the set of error thresholds, and recall(o;, ;) represents the
recall for object o; at threshold 7;.
In accordance with BOP challenge metrics [107], AR for each of VSD, MSSD, and MSPD

is calculated as follows:

ARysp The tolerance for misalignment (7) is varied from 5% to 50% of the object’s diameter,
in increments of 5%. The threshold for correctness (fysp) is varied from 0.05 to 0.5, with steps

of 0.05. ARysp represents the average recall across all combinations of 7 and fysp.

ARpssp  This metric is the average recall calculated for different levels of the MSSD threshold

(Omssp), varying from 5% to 50% of the object’s diameter, with a step size of 5%.

ARyspp  The average recall rate is computed for different levels of the MSPD threshold
(Omspp), expressed as a percentage of the scaled factor r = %, where w is the image width in
pixels. The threshold is varied from Sr to 50r, in increments of Sr.

AR is then calculated as the average of ARvsp, ARmssp, and ARwspp.
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B.2.5 Average Distance of Model Points (ADD-S and ADD)

The ADD metric calculates the average distance between corresponding points on the model

surfaces after applying the estimated and ground truth poses:

1
ADD = —— Z IRX +t — Ry;X — t|| (B.10)
|M| xeM

For symmetric objects, ADD-S considers the closest point distance:

1

ADD-S = —
M|

Z min [|RX +t — RgX' — ty|| (B.11)
x'eM
xeM

B.2.6 Rotation error

The rotation error measures the difference between the estimated rotation and the ground truth
rotation, calculated as:

1 (tr(RTRgt) - 1)

Crot = 2 arccos > (B.12)

B.2.7 Translation error

The translation error measures the Euclidean distance between the estimated and ground truth
translation vectors:

€trans = ”t_tgl” (B.13)

B.2.8 Mean Average Precision (mAP)

The mean Average Precision (mAP) evaluates the accuracy of object detection and pose estima-

tion, calculated as:

0]
1
mAP = — § AP(o; B.14



B.2. Evaluation methodologies for object pose estimation Appendix B. Depth camera
simulation and pose evaluation matrices for EOPEN

Rotation mAP (mAP,,) The rotation mAP (mAP,,) measures the accuracy of the estimated

rotation by evaluating recall at various rotation error thresholds:

0]

LY AP (B.15)
i=1

MAP o = ﬁ

Translation mAP (mAPyans) The translation mAP (mAP,,s) assesses the accuracy of the

estimated translation by evaluating recall at various translation error thresholds:

0]

1
D APyan (0)) (B.16)
i=1

mAPtrans = ﬁ

These metrics provide comprehensive methods for evaluating object pose estimation, con-
sidering visible surfaces, object symmetries, model point distances, and overall precision in both

rotation and translation.



	Abstract
	Acknowledgements
	Contents
	List of Figures
	List of Tables
	List of Acronyms
	List of Symbols
	List of Notations
	Introduction
	Problem, challenges, and motivation
	Contributions
	List of publications
	Published work
	Unpublished work

	Thesis organisation

	Literature study
	Feature extraction
	Object recognition
	Object detection
	Object segmentation

	Pose estimation
	Pose estimation using RGB images
	Pose estimation using RGB-D data
	Pose estimation using point cloud data

	Texture-less objects
	Unstructured environments
	Object occlusions
	Datasets
	Camera Calibration for RGB and Depth Cameras
	Intrinsic Calibration
	Extrinsic Calibration
	Depth-to-Colour Alignment
	Calibration Procedure
	Error Metrics


	Unsupervised 3D edge feature extraction
	Introduction
	Related work
	Organisation

	Contribution
	Background
	Encoder-decoder networks
	Deep unsupervised clustering

	Methodology
	Problem formulation
	Pre-processing
	Encoder-decoder architecture
	Edge feature extractor
	Learning-based clustering
	Network model discussion

	Experimental results
	Dataset description
	Experimental setup
	Evaluation metrics
	Comparison analysis: single object scenes
	Comparison analysis: multi object scenes

	Contribution study
	Generic network structure
	Benefit of automatic parameter Selection
	Need for pre-processing
	Effects of edge thinning
	Encoder-decoder requirement
	Analysing the effect of central masking
	Generalisation to new data
	Why 2D edge detectors are not suitable?
	Complexity analysis

	Summary

	3D Edge-based object pose estimation
	Introduction
	Related work
	Organisation

	Contributions
	Background on PointNet++ feature extraction
	Methodology
	Problem formulation
	Feature extractor
	Correspondence creator
	Pose estimator
	Pre and post processing
	Training data generation

	Experimental results
	Dataset description and experimental setup
	Compared methods
	Comparison analysis: LineMod dataset
	Comparison analysis: Occluded-LineMod dataset
	Comparison analysis: TUD-L dataset
	Qualitative performance analysis
	Inference time analysis

	Summary

	Articulated object classification
	Introduction
	Related work
	Organisation

	Contribution
	Background
	Methodology
	Method overview
	Pre-processing
	Classifier

	Experimental results
	Dataset description
	Experimental setup
	Performance analysis
	Accuracy analysis
	Probability analysis
	Qualitative analysis

	Summary

	Learning-based visual servoing with 3D edges
	Introduction
	Related work
	Organisation

	Contribution
	Methodology
	Feature extraction
	Interaction matrix design
	Controller design

	Experimental results
	Experimental setup
	Convergence analysis

	Summary

	Conclusion
	Research impact
	Future research directions
	Dataset bias and impact
	Social and ethical impacts

	References
	Evaluation matrices and computational complexity derivation for 3D edge detection method
	Kernel functions
	Evaluation metrics
	Pose estimation
	F-measure

	Computational complexity derivation
	Base operations
	Network layers


	Depth camera simulation and pose evaluation matrices for EOPEN
	Simulating depth cameras
	Camera intrinsic matrix
	Projection of 3D points to 2D image plane
	Conversion from depth image to point cloud

	Evaluation methodologies for object pose estimation
	Visible Surface Discrepancy (VSD)
	Maximum Symmetry-Aware Surface Distance (MSSD)
	Maximum Symmetry-Aware Projection Distance (MSPD)
	Average Recall (AR)
	Average Distance of Model Points (ADD-S and ADD)
	Rotation error
	Translation error
	Mean Average Precision (mAP)



