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Abstract

The main objective of this thesis is to create robust deep learning applications in the

context of Human-Robot Collaboration (HRC) which is an important topic in manu-

facturing. It covers three distinct topics related to the application of deep learning and

artificial intelligence in manufacturing, human-robot interaction, and neural network

performance monitoring.

In the context of Industry 5.0, the integration of Digital Twins and artificial intelligence

techniques, particularly deep learning, enhances flexibility and efficiency in smart man-

ufacturing. This thesis introduces a deep learning-enhanced Digital Twin framework

capable of detecting and classifying human operators and robots during the manu-

facturing process which is described in Chapter 3. The framework, developed using

Unreal Engine 4 and compliant with the Robotics Operating System, demonstrates

improved performance through a semi-supervised detector, ensuring safety and relia-

bility. Evaluation results with a Universal Robot 10 in various scenarios highlight the

framework’s accuracy and reliability, with the data and a semi-automated annotation

tool being made publicly available.

Furthermore, this thesis presents a framework for real-time 3D (three dimensional) hu-

man upper-body motion tracking and kinematic estimation in Chapter 4, essential for

applications involving physical human-robot interaction, trajectory planning, and user

safety. The proposed framework combines a Kalman filter with a deep Convolutional

Neural Network (CNN-KF) to accurately infer joint positions from optical images, fa-

cilitating kinematic modeling and motion estimation. Evaluation experiments show
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robust performance even in the presence of occlusions, with above 90% segment accu-

racy, with Root Mean Square Error and Mean Average Error reported below 0.05m in

the presence of occlusions.

Lastly, this thesis explores the performance of deep neural networks in Chapter 5,

specifically faster Region-Based Convolutional Neural Networks (R-CNNs), when tested

with data significantly different from the training set. It introduces a framework to

monitor neuron activation patterns within a faster R-CNN, using Kullback-Leibler di-

vergence to calculate distances between activation pattern distributions. This enables

real-time monitoring of the classifier’s behavior when confronted with noisy and diver-

gent data, as demonstrated on publicly available datasets, MNIST and PASCAL.

Overall, this research spans multiple areas of artificial intelligence and deep learning,

showcasing their applicability and effectiveness in HRC and manufacturing.
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Chapter 1

Introduction

The advent of Arti�cial Intelligence (AI) in manufacturing signi�es a transformative

leap in the industrial sector, heralding the onset of what can be termed as the Fifth in-

dustrial revolution or Industry 5.0 [1]. The integration of AI into manufacturing brings

about a period of unparalleled e�ciency, adaptability, and enhancement in quality.

This positions AI as a crucial force in transforming production landscapes on a global

scale.

AI plays a crucial role in the manufacturing industry, encompassing a range of areas

such as predictive maintenance, quality control, supply chain management, and design

optimisation [2]. By leveraging its capacity to rapidly process and analyse large volumes

of data, AI enables predictive maintenance, which minimises downtime and extends the

lifespan of machinery. Additionally, AI enhances quality control by identifying defects

and inconsistencies that human inspectors may overlook [3]. In the realm of supply

chain management, AI o�ers valuable insights into demand forecasting and inventory

optimization, resulting in more e�cient production schedules and decreased waste.

An additional important use of AI in the manufacturing industry is in robotics. Instead

of being simple machines that can be programmed, robots now have AI algorithms that

make them adaptive and intelligent [4]. This allows them to learn and improve their
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CHAPTER 1. INTRODUCTION

actions. These intelligent robots can work together with humans, which has led to

the development of collaborative robots, also known as 'cobots' [5]. This collaboration

enhances the interaction between humans and robots, making it safer and more e�cient,

and also creates new opportunities for manufacturing tasks.

Deep Learning, a branch of machine learning, has brought about a revolutionary change

in data analysis and interpretation [6]. It has empowered machines to carry out intricate

tasks with remarkable precision and e�ectiveness. When combined with CV, which

facilitates the interpretation and processing of visual data, these technologies have

paved the way for new possibilities in manufacturing.

The signi�cance of Deep Learning in manufacturing lies in its ability to process large

datasets, learning patterns and features that are often too intricate for traditional

algorithms [7]. This capability has been instrumental in various applications, from

predictive maintenance and quality control to complex assembly tasks [8]. CV, on the

other hand, has enabled machines to interpret visual data, facilitating tasks such as

defect detection, product sorting, and real-time monitoring of manufacturing processes.

In the context of Industry 5.0, the integration of Deep Learning and CV signi�es a

move towards more intelligent, automated, and e�cient manufacturing systems. These

technologies are at the forefront of creating smart factories where machines can analyze,

decide, and act with minimal human intervention.

Nonetheless, there are obstacles to overcome when incorporating these sophisticated

technologies into the manufacturing sector. Ensuring the dependability of machine

learning models, acquiring extensive and varied datasets for training purposes, and

seamlessly integrating AI systems into existing manufacturing infrastructure pose sub-

stantial challenges. Moreover, as these technologies continue to advance, it becomes

increasingly important to address ethical concerns and consider the impact on the

workforce [9].

Deploying AI models in manufacturing faces several challenges. These include inte-

2



CHAPTER 1. INTRODUCTION

grating AI with existing infrastructure, requiring signi�cant upgrades or redesigns [10].

Data quality and quantity are critical, as AI models need large, diverse datasets for

training. Nonetheless, the process of data collection is often a resource-intensive en-

deavor, particularly in terms of �nancial cost, time, and human e�ort. This complexity

arises from the need to gather large volumes of data, which is essential for ensuring

accuracy and reliability, especially in �elds that rely heavily on data-driven decisions

[11]. One approach to addressing data problem in manufacturing is the generation

of synthetic data in simulated environments, subsequently used to train AI models.

However, the disparity between simulated conditions and actual manufacturing en-

vironments poses signi�cant challenges, a phenomenon known as the 'Simulation to

Reality' (Sim2Real) problem [12]. This discrepancy often hampers the AI model's

performance in real-world scenarios, indicating the need for strategies that e�ectively

bridge the gap between simulated training and practical application.

Safety in human-robot Collaboration (HRC) within manufacturing environments is a

critical area of focus, aimed at ensuring the well-being of human workers alongside

e�cient and reliable robot operations [13, 14, 15]. It encompasses the development

and implementation of various safety measures, protocols, and technologies to minimize

risks associated with robot operation. Key aspects include the design of robots with

safety features, the establishment of safety zones and barriers, regular safety training

for employees, and the integration of advanced sensing and control systems to detect

and prevent potential hazards [16]. The continuous advancement of AI and robotics

further contributes to developing more intuitive and responsive systems, enhancing

safety in dynamic and collaborative workspace.

1.1 Aims and Objectives

The purpose of this thesis is to investigate and strengthen the robustness of Deep

Learning applications in HRC in manufacturing settings. The following are the primary
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objectives of this research:

ˆ Build and leverage Digital Twin technology for generating robust datasets to

train Deep Learning models in HRC scenarios.

ˆ Explore and bridge the gap between simulated environments and real-world man-

ufacturing settings using the Digital Twin system.

ˆ Examine the ability of physical HRC to remain e�ective in the presence of ob-

structions, which can be enabled by the use of Deep Learning methods.

ˆ Investigate the utilisation of real-time activation pattern tracking and the char-

acterisation of uncertainty in image categorisation, with a particular emphasis

on the robustness and dependability of Deep Learning models in HRC scenarios.

1.2 Thesis Outline

The thesis is organised into six chapters. A brief overview of each chapter and the

corresponding contributions is given below.

Chapter 1 : This chapter presents the thesis topic and its objectives, highlighting the

structure and principal contributions of each chapter. Author's relevant publications

are listed in the last section of this chapter.

Chapter 2 : This chapter provides an overview of the utilisation of Deep Learning

and CV in manufacturing. It covers common tasks such as classi�cation and object

detection. With respect to the the training of a Deep Learning model, it can be

classi�ed as fully-supervised and semi-supervised. The related works are reviewed.

Chapter 3 : This chapter discusses the integration of Digital Twins and Deep Learning

in Industry 5.0 to enhance smart manufacturing, particularly focusing on HRC. It

introduces a Deep Learning-enhanced Digital Twin framework to improve safety and

reliability in collaborative tasks. This framework, developed using Unreal Engine 4 and
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complying with the Robotics Operating System, enables detection and classi�cation of

human and robot actions, facilitating autonomous robot decision-making. It includes

a fully-supervised detector trained on synthetic data and a semi-supervised detector

for bridging the gap between simulated and real environments. The e�ectiveness of

this framework is validated in various scenarios, with its data and a semi-automated

annotation tool made publicly available for research and operational use.

Chapter 4 : This chapter describes a framework for tracking 3D human body mo-

tion and updating kinematic models in real-time, vital for physical HRC. It utilizes a

Kalman �lter fused with a deep Convolutional Neural Network (CNN-KF) for inferring

joint locations from optical images. The framework employs an inverse kinematic solver

with the Levenberg-Marquardt method for accurate motion estimation. Its e�ective-

ness is demonstrated through dressing experiments in a motion capture lab, showing

high accuracy in human posture estimation even in the presence of occlusions.

Chapter 5 : This chapter examines the performance of Deep Neural Networks (DNNs),

particularly focusing on faster region-based convolutional neural networks (R-CNNs),

in scenarios where testing data signi�cantly di�ers from training data. It introduces

a framework to monitor neuron activation patterns within a faster R-CNN, using

Kullback-Leibler divergence to calculate distances between these patterns. This ap-

proach helps observe the network's behavior in challenging conditions, such as noisy

or atypical data. The e�ectiveness of this framework is validated using the MNIST

and PASCAL datasets, demonstrating its utility for real-time monitoring of supervised

classi�ers.

Chapter 6 : In this chapter, a summary of all the methods proposed in the thesis is

provided, along with an analysis of the corresponding results. Subsequently, directions

and ideas for future work are presented based on these �ndings.
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1.3 Research Contributions

Chapter 3: This chapter focuses on Deep Learning methods and Digital Twin to

improve safety and reliability in HRC:

ˆ A semi-supervised framework for the detection of humans and robots in manufac-

turing environments is proposed by adopting a faster region-based convolutional

network [17]. It further minimises the gap between the simulation and the real

world environment.

ˆ A Digital Twin of an actual HRC system is developed based on Unreal Engine 4.

This twin is capable of generating synthetic robot data, which can then be used

to train Deep Learning models for the purpose of monitoring human-robot col-

laborative behaviours.

ˆ The accuracy of the Digital Twin system that was developed is assessed using

both simulated and actual data sets. The results show that the system can

e�ectively identify and analyse human-robot behaviours to ensure safety. As

part of the research, datasets created by the Digital Twin of a Universal Robot

10 (UR10) robot are made publicly accessible. Additionally, a semi-automated

annotation tool is also developed.

Chapter 4: This chapter focuses on Deep Learning methods for human pose estima-

tion in HRC:

ˆ A framework, that is robust to occlusions and environmental disruptions, that

uses a single camera to retrieve three dimensional (3D) joint location for a human

arm.

ˆ A robust online solution to the Inverse Kinematics (IK) problem that takes esti-

mated hand positions from the CNN-KF and estimates user motion. This solves

the IK problem for a hand position, �nding an updated model con�guration in

joint space that satis�es kinematic constraints.
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ˆ Evaluation of the accuracy of the CNN, CNN-KF and the IK solution using

the mean-squared error analysis, where the ground truth for the hand pose was

provided by a VICON motion capturing system.

Chapter 5: This chapter focuses on the decision-making of Deep Learning methods:

ˆ The neuron activation patterns are determined by computing the Hamming dis-

tance between the current activation pattern and the central activation pattern.

Afterwards, the similarity of these distributions is described using Kullback-

Leibler divergence.

ˆ Monitoring zones are created through the process of decision making, where pat-

terns with their respective probability values are considered and any changes in

these patterns are visually represented.

ˆ The monitoring framework's e�ectiveness is showcased through the use of MNIST [18]

and PASCAL [19] datasets.

1.4 List of Peer Reviewed Publications

The author's publications with relevance to this thesis are listed as follows:

Journal Papers

[J1] S. Wang, J. Zhang, P. Wang, J. Law, R. Calinescu and L. Mihaylova, \A Deep

Learning-enhanced Digital Twin Framework for Improving Safety and Relia-

bility in Human{robot Collaborative Manufacturing", Robotics and Computer-

integrated Manufacturing, 2024, 85: 102608.Impact Factor 9.1.

[J2] Y. Ra�q, S. Wang, M. Al-Nuaimi, R. Hieron, L. Mihaylova and S. Dogramadzi,

\Deep Learning-Enabled Resilience to Occlusion for Physical Human-Robot In-
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Chapter 2

Literature Review

This chapter of the thesis presents a comprehensive literature review on the intersection

of Deep Learning and CV, crucial components of modern AI research. It begins with

foundational knowledge in the �eld, followed by an exploration of how Deep Learn-

ing enhances CV tasks such as classi�cation and object detection. The review delves

into both fully-supervised and semi-supervised approaches, along with an analysis of

uncertainty and activation pattern monitoring in Deep Learning. It further examines

human pose estimation, covering 2D and 3D approaches and addressing the challenges

of occlusions. The chapter concludes with insights into HRC, discussing the transition

from simulation to reality, the role of Digital Twin in enhancing safety and resilience

in manufacturing, and the speci�c application of robot-assisted dressing. This intro-

duction sets the stage for a detailed exploration of these pivotal areas in AI research.

0
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2.1 Background and the Development of Deep Learn-

ing and Computer Vision in Manufacturing

The �eld of CV, a vital subset of AI, has witnessed remarkable advancements in recent

years. These developments have signi�cantly enhanced the ability of machines to pro-

cess and interpret visual data, leading to widespread applications in varied sectors such

as healthcare, autonomous vehicles, robotics, and security [20]. The integration of CV

in these domains not only represents a technological leap but also marks a paradigm

shift in how industries operate and innovate.

For over four decades, the exploration of CV techniques in the manufacturing industry

has been extensive. Its application spans diverse sectors including food, pharmaceu-

ticals, automotive, aerospace, railway, semiconductor, electronic components, plastics,

rubber, paper, and forestry [21]. Of particular interest in this exploration has been

vision-based industrial inspection, which has become a critical component in the qual-

ity assurance and process optimisation of manufacturing operations [22].

The initial applications of CV in commercial manufacturing were somewhat limited,

primarily due to the restricted computing capabilities that persisted until the 1990s [23].

This scenario, however, has dramatically transformed with advancements in semicon-

ductor technology and computing power, which have consequently accelerated AI re-

search and applications, especially in the last few years [24].

In image-based metrology, CV technologies have revolutionized measurement method-

ologies, transitioning from manual and error-prone approaches to automated, accurate,

and reliable systems. This shift has notably enhanced quality assurance, reduced waste,

and improved e�ciency across various manufacturing sectors. Regarding manufactur-

ing process interpretability, the integration of CV has facilitated real-time process

monitoring and analysis. This advancement enables predictive maintenance, e�cient

fault detection, and optimized manufacturing processes, thereby enhancing overall op-
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erational e�ciency. In the realm of material structure analysis, CV has brought about

a signi�cant improvement in detecting and analyzing material defects that were pre-

viously undetectable by the human eye, thus ensuring higher product quality and

reliability.

The continuous evolution of CV technologies is leading to their deeper integration into

manufacturing processes, making them more pervasive and essential for modern man-

ufacturing operations. This ongoing development is not just re�ning existing manufac-

turing capabilities but is also paving the way for innovative, e�cient, and sustainable

manufacturing practices.

In conclusion, this section underscores the transformative role of CV in the manu-

facturing sector and emphasizes the importance of ongoing research and development

in this dynamic �eld. The future prospects of AI and CV in manufacturing promise

increased automation, enhanced quality control, and the advent of intelligent manu-

facturing systems that are adaptive, e�cient, and sustainable, which is critical for the

continued evolution and competitiveness of the manufacturing industry.

2.2 Deep Learning and Computer Vision

The objective of a CV system is to create a symbolic representation of the objects

present in a given scene. This representation encompasses an understanding of the

scene and can subsequently be utilised to guide the subsequent operations of a robotic

system. The CV �eld encompasses various tasks and algorithms, including detection,

recognition, segmentation, and 3D reconstruction. In this section, an overview of the

current advances in several signi�cant CV techniques is presented.

2.2.1 Image Classi�cation

Recognition task in CV refers to the process of identifying and categorising objects

or patterns within images or videos. It involves training a machine learning model
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to recognise speci�c objects or classes of objects based on their visual features. The

goal of recognition tasks is to enable computers to understand and interpret visual

information in a similar way to humans [20]. Accuracy, recall, precision, F1 Score, and

ROC/AUC curves are commonly employed as evaluation metrics for recognition.

Class recognition does not focus on identifying a particular object. Instead, it aims

to identify the presence of an instance belonging to a speci�c category of objects,

such as cars or pedestrians. In class recognition problems, the input is an image, and

the output is the classi�cation of that image into one of the prede�ned categories.

Class recognition is commonly approached as a classi�cation problem, where machine

learning algorithms, particularly convolutional neural networks (CNNs), are used to

learn and classify images into di�erent classes.

The advancement of CNNs has played a signi�cant role in the progress of CV technolo-

gies. This breakthrough has led to the development of numerous CNN models, which

have been widely used in classi�cation problems. Over time, these models have become

increasingly deeper. Some popular CNNs, listed in chronological order, include LeNet-

5. [18], AlexNet [25], VGG-16 [26], R-CNN [27], Fast R-CNN [28], inception networks,

ResNet-50 [29].

ResNet-50 [29] is a type of residual network that employs a unique structure that utilises

residual connections or skip connections. This architectural innovation has led to

signi�cant improvements in Deep Learning models, particularly in complex tasks such

as image classi�cation. Prior to the introduction of ResNet-50, most CNN architectures

focused on increasing the number of layers in the network, along with other necessary

modi�cations to improve performance. However, this approach had a limitation in that

the model's accuracy would plateau and then decline rapidly as the network became

deeper. To address this issue, ResNet-50 introduced shortcut connections within its

deep model. In the following years, ResNet and its variants have become one of the

most important backbone for extracting features from images in the object detection

networks. These connections allow inputs to bypass one or more layers and be added
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back to the output of a layer further down the network. This design helps to address

the vanishing gradient problem by facilitating the training of deeper networks. The

core idea is that these skip connections enable the network to learn identity functions,

ensuring that deeper models do not perform worse than their shallower counterparts.

2.2.2 Object Detection

Compared to image classi�cation, object detection involves the identi�cation and lo-

calisation of objects in an image or video. The goal is to not only classify the objects

but also determine their precise locations by drawing bounding boxes around them.

Object detection is widely used in various applications, including autonomous driving

[30], surveillance systems [31], image and video analysis [32], and augmented reality

[33]. It plays a crucial role in understanding and interpreting visual data by enabling

machines to recognise and locate objects of interest.

One of the most famous series of object detection models is region-based CNN networks.

RCNN stands for regions with CNN features. It is a landmark object detection model

proposed in 2014 by R. Girshick [27]. RCNN introduced a two-stage approach to object

detection. It starts by generating a set of object proposals using a selective search. Each

proposal is then resized to a �xed size and fed into a pre-trained CNN model (such as

AlexNet [25]) to extract features. Finally, linear SVM classi�ers are used to predict

the presence of an object within each region and recognise object categories.

SPPNet [34] introduced a Spatial Pyramid Pooling (SPP) layer, which allows a CNN to

generate a �xed-length representation regardless of the size of the input image or region

of interest. This eliminates the need to rescale the image or compute convolutional

features repeatedly. By using SPPNet for object detection, the feature maps can be

computed from the entire image only once, and �xed-length representations of arbitrary

regions can be generated for training the detectors. SPPNet achieved a detection speed

over 20 times faster than RCNN without sacri�cing any detection accuracy, with a mean

Average Precision (mAP) of 59.2% on the VOC07 dataset.
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Fast RCNN [28] is a detector that was proposed as a further improvement of RCNN

and SPPNet. It introduced several advancements in object detection. Fast RCNN

allows simultaneous training of a detector and a bounding box regressor under the

same network con�gurations. Instead of feeding multiple parts of the image into the

CNN, Fast R-CNN processes the entire image with the CNN only once to create a

feature map. From this map, it extracts �xed-size features from region proposals using

a technique called ROI (Region of Interest) pooling. Fast RCNN achieved a detection

speed over 200 times faster than RCNN.

Further, Faster RCNN [17] is developed as a two-stage object detection framework

that combines a RPN with Fast RCNN. The main contribution of Faster RCNN is

the introduction of the RPN, which generates region proposals in a nearly cost-free

manner. The RPN shares convolutional layers with the Fast RCNN network, allowing

for e�cient computation. By integrating the proposal generation and object detection

stages into a uni�ed framework, Faster RCNN achieves a detection speed over 200

times faster than RCNN, with a mean Average Precision (mAP) of 70.0% on the

VOC07 dataset. Faster RCNN has become a milestone in the development of object

detection algorithms and has paved the way for further improvements in the �eld.

2.2.3 Fully-supervised and Semi-supervised Deep Learning for

Object Detection

Numerous fully-supervised algorithms for object detection have been proposed, with

one well-known series being the region-based convolutional neural networks, also known

as two-stage detectors. This series includes R-CNN [27], Fast R-CNN [28], and Faster

R-CNN [17]. In these two-stage approaches, the initial stage involves extracting image

features using backbone networks such as ResNet [29]. The second stage generates

region proposals for the subsequent localisation and classi�cation of objects. Over

time, the computation costs of region proposal generation in region-based convolutional

neural networks have signi�cantly decreased, transitioning from selective search [35] to
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the RPN in Faster R-CNN [27]. The RPN o�ers real-time performance and has achieved

notable improvements in detection accuracy.

The previously discussed object detection algorithms are classi�ed as fully-supervised

algorithms, which means that they require a large amount of labeled data for training.

On the other hand, semi-supervised algorithms utilize a combination of labeled and

unlabeled data, or pseudo-labeled data, to reduce the amount of required labeled data.

Pseudo-label based approaches employ a teacher-student model, where a teacher model

is �rst trained to generate pseudo-labels. These pseudo-labeled data, along with the

unlabeled data, are then used to train the target student model. In the FixMatch

algorithm proposed by Sohn [36], weakly-augmented data is used to generate pseudo-

labels, and the same strongly-augmented images are used to predict whether they

match the weakly-augmented ones. In another work by Sohn [37], pseudo-labels are

generated using data augmentation, resulting in higher e�ciency compared to the

fully-supervised faster R-CNN algorithm [27]. Xu et al. [38] propose a soft teacher

model that performs pseudo-labeling on weakly augmented data. The teacher model is

updated using the student model, which employs an exponential mean average (EMA)

strategy.

Prior research on semi-supervised methods [39] has shown that in order to train an

e�ective detector, data pre-processing and data augmentation techniques are necessary.

Furthermore, these methods typically focus on a single domain, where both labeled

and unlabeled data are sourced from the same domain. However, this approach may

lead to a decline in detection accuracy, particularly in unfamiliar environments. In

contrast, the proposed semi-supervised object detection approach in Chapter 3 takes

into account both the physical environment and simulation domains, enabling us to

achieve satisfactory performance in novel real-world environments.
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2.2.4 Uncertainty and Activation Pattern Monitorings

The importance of uncertainty in deep neural networks (DNNs) becomes evident when

they are used in safety critical tasks. DNNs exhibit a surprising sensitivity to even

minor variations in the input data, such as adversarial attacks, the presence of unseen

objects, and occlusions. Such variations have the potential to cause failures in accurate

and dependable decision making.

Several methods have been proposed to address decision making, such as Bayesian

approaches [40, 41, 42], which aim to determine the most probable outcome based

on probability. These approaches quantify uncertainty by generating an ensemble or

using dropout during operation. While these methods overcome the challenges of

directly implementing Bayesian inference, they are computationally expensive and do

not perform well in real-time applications. Therefore, it is impractical to use Bayesian

approaches in scenarios that require fast response times, such as autonomous driving

and real-time tracking.

Veri�cation problems of neural networks have been the focus of several works [43].

These works employ runtime veri�cation algorithms to monitor the violation of cor-

rectness properties. Speci�cally, a series of methods have been proposed for monitoring

activation patterns of neural networks [44, 45, 46, 47]. Cheng introduced a boolean

abstraction method for monitoring deep neural networks (DNNs), where only the ac-

tivation patterns of the �nal layers with respect to the ReLU activation function were

considered. They were able to construct an e�cient monitor using boolean logic oper-

ations and a binary decision diagram (BDD), which resulted in low computation costs

for the MNIST dataset. The key idea behind monitoring activation patterns at run-

time is the creation of a
 -comfort zone, which collects a su�cient number of activation

patterns with correct predictions as the ground-truth. However, as the number of pat-

terns, monitored neurons, and the abstraction parameter
 increase, storing patterns

and monitoring computational costs become challenging, particularly in the context

of object detection. In Chapter 5, this thesis focuses on addressing the issue of DNN
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monitoring from the perspective of pattern distribution. Unlike Cheng's approach of

abstracting patterns using the Hamming distance, the Hamming distance is directly

implemented as a distance metric to avoid storage issues and reduce the computational

complexity associated with large ground-truth activation patterns.

2.3 Human Pose Estimation

Human pose estimation is a popular research topic in the �eld of CV. It involves

predicting the joint locations of a human body from a single image or a sequence of

images. This task has a wide range of potential applications, making it an active

area of research. Recent advances in Deep Learning and the availability of large-scale

datasets have enabled signi�cant progress in 2D human pose estimation. However,

3D human pose estimation has not seen the same level of success, likely due to the

lack of su�cient 3D in-the-wild datasets. Several methods [48, 49] have been proposed

to address this issue, but there is still much room for improvement. The task has a

wide range of applications, including tracking human movement and analyzing and

detecting illegal or inappropriate behavior. In sports analysis, pose estimation can be

used to automatically track and assess the accuracy of human movement. It is also a

fundamental tool in �elds such as human-computer interaction and augmented reality.

In the �eld of CV, there is a signi�cant distinction between 2D and 3D pose estimation.

The objective of 2D pose estimation is to predict the coordinates of body keypoints

in a two-dimensional space. In simpler terms, the model determines the X and Y co-

ordinates for each joint location. On the other hand, 3D pose estimation goes a step

further by incorporating an additional Z-axis to infer the spatial position of the joints.

Generally, 3D pose estimation is more challenging compared to its 2D counterpart.

The development of an accurate and robust method for 3D pose estimation involves

dealing with various limitations, including noisy background scenes, clothing, lighting

conditions, small and barely visible joints, occlusions, and other factors that can sig-
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ni�cantly alter the appearance of the body joints. This section aims to explore both

the 2D and 3D human pose estimation �elds.

2.3.1 2D (Two-Dimensional) Human Pose Estimation

2D human pose estimation refers to the task of detecting and localizing the key points

or joints of a human body in a 2D image. It involves identifying the positions of

body parts such as the head, shoulders, elbows, wrists, hips, knees, and ankles in the

image. The goal is to accurately estimate the pose or body con�guration of a person

in the 2D space. This information can be used for various applications such as activity

recognition [50], gesture recognition [51], HRC [52], and virtual reality [53]. Deep

Learning techniques, particularly convolutional neural networks, have been widely used

for 2D human pose estimation due to their ability to learn complex algorithms.

The challenge in 2D human pose estimation is to develop algorithms that are both

highly accurate and e�cient. High accuracy is important to ensure precise detection

of human body information, which is crucial for downstream tasks such as 3D human

pose estimation [54] and action recognition [55]. However, achieving high accuracy is

challenging due to various factors. In real-world scenes, detection can be hindered by

issues such as over- or under-exposure and the entanglement of people and objects [56].

Furthermore, the human body's ability to move in a variety of ways and the occlusion

of poses, including self-occlusion, make it di�cult to accurately detect keypoints using

visual features. Motion blur and video defocus in videos also reduce the accuracy of

pose detection.

On the other hand, high e�ciency is desired to enable real-time computing on di�erent

devices such as desktops and mobile phones [57]. However, there is often a trade-o�

between accuracy and e�ciency. High accuracy models tend to be deeper, requiring

increased computational and storage resources. This poses challenges in achieving

real-time pose estimation, even with powerful GPUs.
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There are two main frameworks in 2D human pose estimation: top-down and bottom-

up. Top-Down Framework [58, 59, 60]: In the top-down framework, the approach

starts by detecting human bounding boxes using an object detector. Then, a pose

estimator is used to detect the keypoint locations within each bounding box. This

framework relies on the accuracy of the object detector and the pose estimator. The

object detector determines the performance of human proposal detection, while the

pose estimator directly determines the accuracy of pose estimation. The top-down

framework is scalable and can be improved with advancements in object detectors and

pose estimators.Bottom-Up Framework [61, 62, 63]: In the bottom-up framework,

the approach directly performs keypoint estimation in the original image without rely-

ing on human detection. This reduces computational overhead. However, a challenge

in the bottom-up approach is determining the identities of the estimated keypoints.

In this chapter, Top-Down frameworks are mainly reviewed, focusing on their method-

ologies, key innovations, and applications in the �eld of 2D human pose estimation.

This section begins by exploring the fundamental principles behind top-down ap-

proaches, including the initial step of human detection in images or video frames using

advanced object detection algorithms. Various neural network architectures commonly

employed in these frameworks are introduced, such as CNNs and R-CNNs, highlighting

their roles in accurately identifying and localising human �gures in diverse and complex

environments.

2.3.2 3D (Three-Dimensional) Human Pose Estimation

The task of estimating the 3D locations of human body joints, known as 3D human

pose estimation, can be approached as a regression problem. The goal is to predict

the 3D coordinates of these joints from an image. Because it only requires an image

as input, it faces challenges due to the absence of depth information.

The most straightforward approach for estimating the 3D pose is through direct meth-

ods, which involve training neural networks to estimate the 3D locations of human
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body joints. In these methods, a likelihood heat map is predicted for each joint, and

the joint location is determined by the maximum likelihood. Pavlakos et al. [64] pro-

posed a method that predicts the voxel-wise likelihood for each joint in the 3D space

and directly regresses the joint locations. Another approach by Luvizon et al. [55] uses

a volumetric heat map to predict both 2D and 3D poses. The spatial designs of these

heat maps, including their sizes and channels, play a crucial role in the accuracy of

the predictions. However, they also signi�cantly increase the computational cost and

memory consumption.

Previous works [54, 65, 66] have taken 2D poses as inputs and predicted 3D poses.

Zhao et al [67] introduced a graph convolutional network (GCN) that learnt local

and global node relationships where a human pose skeleton can be represented by a

graph. Typically, these approaches have a simple architecture and fast inference speed.

However, their performance relies on the accuracy of the initial 2D pose estimation.

SMPL-based methods apply a skinned multi-person linear (SMPL) model to predict 3D

human joints. Such methods consider extra human body shape, providing more knowl-

edge than traditional skeleton-based methods. Bogo et al [68] proposed a framework

called SMPLify that applies a network to estimate 2D key points and maps the SMPL

model to the predicted key points. Kanazawa et al. [69] proposed a network to map

image pixels with SMPL models without auxiliary 2D key points. Likewise, Omran

et al. [70] �tted 12 semantic parts of the human body from a semantic segmentation

network to the SMPL models.

2.3.3 Occlusions in human pose detection

The presence of occlusion poses a signi�cant challenge to the accuracy of Deep Learning

methods, particularly when the object or person of interest is obstructed by another

individual or object.

One method for dealing with occlusions is to make use of temporal data. In their study,

Gu et al. [71] utilised a temporal regression network combined with a gated convolu-
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tion module. This network is pro�cient in converting 2D joints to 3D and recovering

occluded joints. Additionally, a localisation strategy is employed to transform the nor-

malised pose into a global trajectory. In a similar vein, Cheng et al. [72] utilised the

PoseFlow Tracker [73] to address the inconsistencies caused by occlusion, particularly

in scenes with a moderate number of individuals. Ghafoor and colleagues [74] proposed

a method for occlusion guidance that utilises binary values to indicate the absence of

joints or joints with low con�dence during 2D pose estimation. In the process of 3D

pose estimation, the system takes into account both the 2D joints and occlusion guid-

ance. In contrast, Liu et al. [75] divided pose estimation into two parts: detecting

visible keypoints and understanding the reasoning behind occluded keypoints. They

introduced the Deeply Supervised Encoder Distillation (DSED) network as a solution

for occlusion reasoning. The DSED network boasts a dual-encoder structure: one

encoder adopts a mentorship role, cherry-picking the most salient information requi-

site for the reconstruction of occluded joints, while its counterpart is trained to cull

analogous information from observable cues. Evidently, the DSED network exhibits

superior prowess in discerning occluded joints relative to the rudimentary hourglass

model. Crucially, undertaking occlusion reasoning at the feature stage|prior to pose

compilation|enhances the technique's aptitude for multi-person contexts.

The techniques mentioned above partially neglect an essential aspect: the human body

can be seen as a quasi-rigid structure, with strong mechanical connections between each

joint.

2.4 Human-Robot Collaboration

Human-Robot Collaboration (HRC) is a multidisciplinary �eld at the intersection of

computer science, engineering, social science, and psychology [76]. It focuses on un-

derstanding, designing, and evaluating robotic systems for use by or with humans.

The emergence of HRC as a distinct �eld re
ects the increasing sophistication and
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variety of robots and their integration into human environments, from industrial au-

tomation to assistive companions. This introduction establishes the context for HRC,

addressing the technical challenges, human-centered design considerations, and ethical

implications associated with the coexistence and collaboration of humans and robots.

2.4.1 From Simulatuion to Real (Sim2Real)

Collecting and annotating large amounts of data for training Deep Learning models

can be a costly endeavor. This is particularly true when it comes to training models

in new environments, such as manufacturing settings, where there is a need for a Deep

Learning-based detector to identify robots and humans in HRC (human-robot collab-

oration). Unfortunately, there is currently no publicly available dataset speci�cally

designed for training Deep Learning models in such scenarios. However, one potential

solution to this problem is the use of Digital Twin technology. By simulating various

scenarios in a digital system, Digital Twin can generate a signi�cant amount of labeled

data, which can then be used for training purposes [77, 78]. The data generated can

be utilised for training Deep Learning models and implemented in real-world settings.

Techniques referred to as Sim2Real [79, 80, 81] can be employed in these tasks. More-

over, they allow for the utilisation of solely the (simulated) virtual environment during

the training, validation, and testing phases of the deep neural network (DNN) mod-

els. Nevertheless, there are instances where these models tend to exhibit inaccuracies

when evaluated in real-world applications, primarily due to the disparities between the

simulated virtual world and the actual world.

The primary aim of the study conducted by Tobin et al. [82] is to identify objects on

a table in a real-world setting and determine their positions. In order to ensure the

applicability of the trained model from the simulator to the physical environment, To-

bin et al. [82] introduced randomisation in terms of distractors, objects, backgrounds,

and lighting conditions. The model was directly trained on the simulator and achieved

accurate estimation of the position of di�erent objects with shape-based characteristics
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on the table in the real world. In the domain of object detection, Tremblay et al. [83]

utilized similar approaches as those presented in [82] for the purpose of identifying real

objects within intricate backgrounds. In contrast to the technique proposed in [82], they

introduced a novel element known as 
ying distractors, which enhances the precision

of detection.In addition, the signi�cance of each randomisation parameter was inves-

tigated by Tremblay et al. In their study, the simulation model uniformly randomises

environment parameters during the training process. However, the complexity of the

samples increases as the number of randomisation parameters increases [82, 84, 83].

Identifying the causes of failures during this randomization process proves to be chal-

lenging. To address these issues, Mehta et al. [85] determine the most informative

variations in the environment within the given range of randomisation parameters.

In this thesis, the proposed Digital Twin utilises Domain Randomisation in its digital

system. A straightforward and e�ective method is employed to generate the synthetic

dataset. The digital system closely resembles the physical system, with the exception

of the randomisation parameters. Additionally, while previous studies focused solely

on synthetic data, the approach also incorporates unlabelled real data to reduce the

disparity in Sim2Real [79, 80, 81].

Although DNNs have achieved state-of-the-art results in tasks like object detection

and segmentation [86], they are often criticised for their reliance on data and compu-

tational resources. Popular public datasets such as COCO [87], PASCAL VOC [88],

and ImageNet [89] have been designed speci�cally for tasks like object detection and

semantic segmentation. DNNs trained on these datasets have even outperformed hu-

mans in tasks like object recognition. However, when DNNs are presented with objects

that are not included in these datasets, their performance can signi�cantly deteriorate.

One possible solution to mitigate this problem is to expand the datasets, but this ap-

proach is ine�cient as it requires manual data preparation. Alternatively, researchers

can leverage powerful simulation platforms like Unity3D [90] to automatically generate

the required data. This approach, known as "Sim2Real" techniques, has gained signif-
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icant attention and holds promise for e�cient and 
exible data preparation for Deep

Learning.

By incorporating simulation within the iteration, it becomes feasible to generate a

signi�cant volume of data that includes annotation information, as needed. Moreover,

this approach allows for exclusive reliance on the simulated virtual environment to

train, validate, and test DNN models. Promising outcomes have been demonstrated

by some studies when transferring these models, trained in the virtual realm, to real-

world applications [79]. Nonetheless, there are instances where these models exhibit

subpar performance when evaluated in real-world scenarios, primarily due to disparities

between the simulated virtual environment and the actual physical world.

Bridging the gap between physics simulators and the real world poses a signi�cant

challenge. The objective of the Sim2Real problem is to transfer virtual models into

real-world scenarios. Currently, numerous research e�orts are dedicated to addressing

this reality gap. One approach involves the use of high-quality rendering simulators

such as Unity3D [90], Unreal Engine 4 [91], and OpenGL [92]. These simulators can

generate realistic simulated images that closely resemble data from the physical world.

Additionally, two other strategies, namely Domain Randomisation (DR) and Domain

Adaptation, have been proposed to tackle this challenge.

A domain is de�ned asD, where a feature spaceX � Rd with d dimensions, along with

a marginal probability distribution P(X ). In this domain, T is de�ned as a task. Given

a training set X = f x1; : : : xng 2 X and its corresponding labelsY = f y1; : : : yng from

the label spaceY, the conditional probability distribution is denoted asP(Y j X ).

It is assumed that there are two domains: the source domain, represented by a simulator

Ds = fX s; P (X s)g, with a task T s = fY s; P (Y s j X s)g, and the target domain,

represented by the physical worldD t = fX t ; P (X t )g, with its corresponding task

T t = fY t ; P (Y t j X t )g.
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Domain Randomisation

Tobin et al. [82] introduced a technique for training models on simulated images,

speci�cally in the source domainDs. The key idea is that by randomising rendering

in the simulator, the model can be adapted to real images in the target domainD t .

The authors assume that a set of randomisation parameters can be controlled in the

simulator. If the variability of the simulator is diverse enough, the physical world can be

seen as another variation in the simulator, i.e.D t � D s and P (Y t j X t ) � P (Y s j X s).

As a result, the model trained in the simulator can generalise to the physical world

without the need for additional adjustments during training.

The primary objective of Tobin et al. [82] is to identify objects on a physical table

and estimate their positions. The authors demonstrate the use of simulated data

randomisation during the training process. In order to ensure the transferability of the

trained model from the simulator to the physical world, Tobin et al. [82] implemented

randomisation in various aspects such as distractors, objects, backgrounds (including

the table, 
oor, and robot), and lighting conditions. The model was directly trained on

the simulator and successfully estimated the positions of objects with di�erent shapes

on the table in the physical world. In the context of object detection, Tremblay et

al. [83] employed similar strategies as Tobin et al. [82] to detect real objects in more

complex backgrounds. In addition to Tobin et al.'s method, they introduced a new

component, 
ying distractors, which improved the accuracy of detection. Furthermore,

they investigated the signi�cance of each randomisation parameter. Sadeghi and Levine

[84] combined deep reinforcement learning with their approach. They trained a vision-

based control model for a quadrotor entirely in simulation, as a trial-and-error learning

process is challenging in the physical world. The network successfully produced a

collision-free 
ight.

In the training process, the environment parameters are randomly assigned in sim-

ulation. However, as the number of randomisation parameters increases, the sample

complexity also increases [82, 84, 83]. Additionally, it is di�cult to determine the exact
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cause of failure when the transfer does not work. To address these issues, Mehta et

al. [85] propose Active, which identi�es the most informative environment variations

within a given range of randomisation parameters.

In their work, James et al. [93] introduced an alternative approach called Randomised-

to-Canonical Adaptation Networks (RCANs) to address the issue of increasing sample

complexity. They utilized a cGAN, which is an image-conditional generative adversarial

network, to convert random simulated images into a canonical form. Additionally,

the generator component of the cGAN was able to transform real-world images into

the canonical form after training. The researchers trained a vision-based closed-loop

grasping reinforcement learning agent in a canonical simulator and then transferred it

to the physical world.

Peng et al. [94] explored the concept of randomisation in dynamic systems of robots, in

addition to randomising scene properties in simulators. Unlike high-�delity rendering

in simulation, they achieved success in developing a Sim2Real policy using low �delity

simulations. The parameters that were randomised include the mass of the robot's

links, damping of joints, gains for controllers, and noise of observation, among others.

This policy demonstrated the ability to adapt to various physical dynamics.

Domain Adaptation

According to Pang and Yang [95]'s classi�cations of transfer learning, Domain Adap-

tation can be regarded as a transductive transfer learning solution in which a set of

labelled data is trained in source domainDs to learn a model to classify the unseen

data in a target domain D t [96]. Base on the de�nition of transfer learning in [95],

target of target domain D t is the same as that of source domainDs, i.e. T t = T s,

while Ds 6= D t . When it comes to label space, they shared the same label space, i.e.

Ys = Y t = Y in a classi�cation task.

Domain Adaptation has been proved as a successful method in bridging the reality gap.
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One way to bridge the gap is to adopting a adversarial-based deep Domain Adaptation

approach [97] which is based on generative adversarial networks (GANs) [98]. GAN

is constructed by a generative modelG and a discriminative modelD. G extracts

the data distribution, while D outputs a label whether a sample is fromG or training

datasets.

The GAN framework is trained with a mini-max function, and the generative model

G is optimised to gain minimum loss while the discriminative modelD can be trained

to maximise the probability of the correct label:

min
G

max
D

V(D; G) = Ex� pdata (x) [logD(x)] + Ez� pz (z) [log(1 � D(G(z)))] (2.1)

wherex is the input of D and z is the input of G.

Liu et al. [99] put forward a coupled framework CoGAN to generate target data which

are coupled with synthetic source ones.

It illustrates the coupled framework of coGAN:GAN 1 generates source data while

GAN 2 produces target data. The weights is shared in some layers ofG and D which

provide constraints for realising a a domain-invariant feature space with no supervision.

Aiming to use the shared labels of synthetic target data to train the target model, the

input noise should be adapted by a train coGAN to paired synthetic images from the

two distributions and the labels also be shared.

Currently, generating synthetic data with annotations as the source that resemble the

target data have been an interesting �eld of research. Yoo et al. [100] presented a

synthetic data generation model based on pixel-pixel level adaptation in the GAN

framework. They employed a real/fake discriminator to supervise the generation of

realistic targets while the discriminator penalises an unrealistic target. Besides, a

domain-discriminator is designed to ensure a generated target is associated to a source.

A Simulated+Unsupervised (S+U) learning is proposed by Shrivastava et al. [101] to

reduce the gap between synthetic and real image domains. In their model, unlabelled
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real data are used to improve realism of simulator. Rather than directly using GANs

framework, they introduced an adversarial network which inputs synthetic data rather

random vectors. To improve realism, a re�ner network is trained with optimising

a combination of an adversarial loss and a self-regularisation loss. The advantages

of [101] are avoiding artifacts and stabilising training. Di�erent from some works

where the generator is constrained by a noise vector or source images, Bousmalis et

al. [102] presented a framework that the output of the generatorG are conditioned

on synthetic source data and a noise vector. Decoupled from classi�cation task, the

classi�er T independently assigns a label to an image aside from the process of domain

adaptation, while the discriminator D identi�es real and fake images. Considering

prior knowledge about low-level image adaptation process, they tried to maintain the

generated images have similar foregrounds and di�erent backgrounds from the source.

With G, D and T, their optimisation becomes

min
G;T

max
D

V(D; G) = � L d(D; G) + � L t (T; G) + 
 L c(G) (2.2)

where � , � , and 
 are parameters that control the trade-o� between the losses and

L c(G) decides the similarity described above, named the content{similarity loss.
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2.4.2 Digital Twin for HRC Safety and Resilience in Manu-

facturing

Figure 2.1: A Digital Twin process facilitates the transfer of knowledge

between Digital and Physical entities. The model is validated prior to the

deployment of the physical asset in the actual environment. Moreover, feed-

back from the Physical asset contributes to the optimization of the entire

process. The Digital Twin is also capable of tracking the performance of

the physical asset.
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A Digital Twin is a virtual model of a physical entity that exists parallelly in the

real world as shown in Fig 2.1. It is created by using real-world data to simulate

and predict the behavior of the physical object. Digital Twin have applications in

various industries such as manufacturing, healthcare, and smart cities [103]. In the

�eld of medicine and public health, Digital Twin technology can transform traditional

electronic health records and enable personalised treatments and interventions [104].

Digital Twin are both a digital shadow re
ecting the status of the physical twin and a

digital thread recording its evolution over time [105]. They can be used to understand

complex systems, conduct in silico experiments, and support evidence-backed decision-

making [106]. However, the development of Digital Twin faces challenges such as data

communication, lack of standardised methodologies, and the need for interdisciplinary

collaboration [107].

Simulation models have various functions in industry, including product design, testing,

and delivery. However, the dynamic nature of demands, the requirement for real-time

process monitoring, and the need for cost-e�ective production present new obstacles for

simulation techniques [108]. Digital Twin have gained considerable interest from indus-

try and academia, as they go beyond traditional simulation methods by incorporating

real-time and historical data from their corresponding physical systems [109, 110]. This

is particularly relevant in the context of production lines where humans and robots

share workspace. Digital Twin have the ability to integrate both cyber and physical

data throughout the entire lifespan of a product. They are widely acknowledged as a

highly promising tool for the design, maintenance, and monitoring of smart manufac-

turing processes [109]. With the advancements in arti�cial intelligence, cyber-physical

systems, big data, information fusion, and advanced sensing, the �eld of Digital Twin

technology is rapidly evolving and transforming the manufacturing industry towards

intelligent human-robot collaboration [111].

Sudhakar et al. [12] Investigate a method for utilising data generated by a Digital Twin

to train a CV model. and they discuss the challenges of using synthetic data in training
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CV models and aims to understand the critical aspects of the authoring process that

impact model performance. The authors create a novel YCB-Real dataset by captur-

ing images of YCB objects and a corresponding synthetic dataset, YCB-Synthetic, to

study the e�ects of various artifacts on model performance. They analyse the trade-

o�s between artist time for �xing artifacts and model accuracy, providing insights

on prioritising e�orts in synthetic data generation. In contrast to the conventional

approach of manual labeling, which is frequently laborious and time-consuming, this

method greatly speeds up data collection by automating the labeling process. The Dig-

ital Twin enables faster gathering and processing of extensive datasets, making data

management more e�cient and scalable across a range of applications.

Malik and Brem [112] present a framework that utilises a Digital Twin to enhance

industrial assembly systems. By incorporating the human presence, the Digital Twin

e�ectively captures the system's adaptability and dynamics, leading to enhanced safety

in HRC. In their work, they tackle the growing complexity of contemporary manufac-

turing settings that urgently require adaptability, 
exibility, and economic e�ciency.

The paper criticises existing automation technologies for their lack of human compati-

bility and their inability to co-exist harmoniously with humans, resulting in a continued

heavy reliance on the human workforce for many operations. They further investi-

gated the interaction between humans and robots via a Digital Twin, facilitating more

instinctive communication methods, including hand gestures and smartwatches. This

strategy improves safety by accurately predicting possible collisions and assists in high-

variety, low-quantity production by allowing the robot to quickly adjust to changes in

task performance without hindering human tasks. The authors of [113] suggest the

use of a Digital Twin with machine learning capabilities as a testbed for evaluating a

Deep Learning model for path planning. This approach is especially advantageous in

situations where human validation is necessary, as any unresolved problems could pose

a risk of harm to individuals. Moreover, the integration of Deep Learning techniques

into an immersive AR setting allows for the mapping of virtual and physical objects
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during interactive multi-functional tasks, resulting in enhanced visualisation of target

objects [114]. Park and colleagues [115] have developed a hands-free interaction system

in mixed reality environments, leveraging a Digital Twin for assistance.

Unlike previous research, the proposed Digital Twin has the capability to support the

training of Deep Learning models by producing training datasets alongside testing and

validating the model. This improves the e�ciency of training the Deep Learning model

in terms of both time and labor expenses.

2.4.3 Robot-assisted dressing

In the past few years, there has been signi�cant interest in the area of robot-assisted

dressing. This interest has been mainly motivated by the need to address challenges

such as a shortage of nursing sta� and the increasing number of elderly people. Various

techniques have been developed that employ force sensors to enable robots to assist

with dressing tasks. Erickson et al. [116] proposed a deep recurrent neural model that

aims to predict the forces applied by a piece of clothing on the human body. This

prediction is based on observations of haptic and kinematic data collected from the

robot's end e�ector. In a similar vein, Clegg et al. [117] combined haptic feedback

control and deep reinforcement learning to facilitate robot-assisted dressing. They

utilised physics simulations to emulate di�erent types of human impairments, which

formed the basis for training control policies for both humans and robots.

On the other hand, visual sensors provide a cost-e�ective and easy-to-implement solu-

tion. Many research studies have utilised RGB or RGB-D cameras to determine points

of contact and describe the interactions between humans and objects. [118, 119, 120].

Pignat et al. [121] introduced a signi�cant advancement by proposing a hidden semi-

Markov model. This model combines sensory data from the human user and motor

commands from the robot to create a joint representation. In order to assist the robot

in learning from human-led dressing demonstrations, the researchers utilised an AR

tag to track the movement of the human hand.
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2.5 Conclusions

This chapter is a review of the literature that focuses on the intersection of Deep Learn-

ing and CV, crucial components of modern AI research. It starts with foundational

knowledge in the �eld and then explores how Deep Learning enhances CV tasks such

as classi�cation and object detection.

Table 2.1 summaries perception research associated with HRC, it reviews di�erent

kinds of method for better detection results both in accuracy and speed. However,

though these methods had already achieved strong performance on public datasets,

there still exists a signi�cant gap between research and the real HRC environment. For

example, challenges such as unseen objects, unfamiliar environments, new requirements

for detection, and the ability to generalise across various real-world scenarios remain

pressing issues. Additionally, the complexity of integrating these methods into existing

HRC systems and ensuring they meet industry standards for reliability and safety adds

further layers of di�culty.

The review delves into both fully-supervised and semi-supervised approaches, along

with an analysis of uncertainty and activation pattern monitoring in Deep Learning. It

also examines human pose estimation, covering 2D and 3D approaches and addressing

the challenges of occlusions.

In table 2.1, it also summarises 2D and 3D human pose estimation methods. For 3D

human pose estimation, though direct estimation solutions can achieve 3D prediction

from images directly, the performance is not satisfying. Although SMPL-based meth-

ods can provide accurate predictions, they require huge computational resources and

it is hard to achieve a real-time performance. In Chapter 4, the estimation of the 3D

human pose is achieved by lifting the 2D human pose. Chapter 4 explores a post-

processing scheme without involving temporal information during training stage but

still can achieve strong prediction when occlusion occurs.

With respect to the gap between simulation and real environment in Digital Twin,
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several methods have been summarised in 2.2, Domain Adaptation relies on training

additional transfer Deep Learning model to achieve the knowledge transform between

simulation and real environment which can be regarded as an indirect solution. How-

ever, Domain Randomisation learns directly from the simulation environment without

extra transfer models. Morevoer, powerful Digital Twin can provide photo-realistic

simulation enironment, it can naturely minise the gap between simulation and real

environment.

The chapter concludes with insights into HRC, discussing the transition from simula-

tion to reality, the role of Digital Twin in improving safety and resilience in manufac-

turing, and the speci�c application of robot-assisted dressing.
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Table 2.1: Summary of perception research under HRC

Perception in HRC Application Types Methods Method Descriptions

Detection

Image Classi�cation
LeNet [18], AlexNet [25], VGG [26] Multiple layers

ResNet [29] Residual Network that utilises residual connections or skip connections

Object Detection

RCNN [27]
Region-based CNN network;

Linear SVM classi�ers are used to predict the presence of an object

SPPNet [34] Spatial Pyramid Pooling layer

Fast RCNN [28] ROI (Region of Interest) pooling

Faster RCNN [17] Combines a RPN with Fast RCNN.

2D Human Pose

Top-down Framework

PoseWarper [58] Learns temporal pose estimation from sparsely annotated videos

RMPE [59]

Symmetric Spatial Transformer Network (SSTN) to extract high-quality dominant human proposals;

Parametric Pose Non-Maximum Suppression (NMS) to eliminate redundant pose estimations;

Pose-Guided Proposals Generator (PGPG) to handle inaccurate bounding boxes and redundant detections

Liu et al. [60]

Pose Temporal Merger for encoding keypoint spatiotemporal context;

Pose Residual Fusion module for computing weighted pose residuals in dual directions;

Pose Correction Network for re�ning pose estimations e�ectively

Bottom-Up Framework

Cao et al. [61] Part A�nity Fields (PAFs) to associate body parts with individuals in an image.

higherHRNet [62] High-resolution feature pyramids for scale-aware representation learning.

Luo et al. [63]
Scale-adaptive heatmap regression (SAHR) method to adjust the standard deviation for each keypoint;

Weight-adaptive heatmap regression (WAHR) to balance the fore-background samples

3D Human Pose

Direct Estimation
Pavlakos et al. [64]

A �ne discretization of the 3D space;

A coarse-to-�ne prediction scheme

Luvizon et al. [55]
A multitask framework for joint 2D and 3D pose estimation;

Di�erentiable Soft-argmax for joint pose estimation

2D to 3D Lifting

SimpleBaseline3D [54] A deep end-to-end framework for 3D pose estimation from 2D joint detections

PoseFormer [122] A spatial-temporal transformer-based approach for 3D human pose estimation

Graformer [66] A novel transformer architecture combined with graph convolution

SemGCN [67] Semantic Graph Convolutional Networks (SemGCN) for regression tasks with graph-structured data

SMPL-based

SMPLify [68] An interpenetration term that is di�erentiable concerning shape and pose

Kanazawa et al. [69] An interpenetration term that is di�erentiable concerning shape and pose

Omran et al. [70] A statistical body model integrated within a CNN for 3D human pose estimation from 2D images

Occlusions in

Human Pose

Estimation

Temporal Fusion Gu et al. [71] A temporal regression network with a gated convolution module to transform 2D joints to 3

Optical-
ow Cheng et al. [72] An occlusion-aware deep-learning framework for 3D human pose estimation in videos

Pose-
ow PoseFlow [73] An e�cient pose tracker based on pose 
ows.

Occlusion-guided;

Temporal
Ghafoor [74]

An occlusion-guided framework for 3D human pose estimation;

Temporal dilated CNNs to handle severe occlusions e�ectively

Skeleton-guided Liu et al. [75] A Skeleton-guided human Shape Fitting (SSF) method for generating accurate occlusion labels
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Table 2.2: Summary of Sim2Real research under Digital Twin

Sim2Real in Digital Twin Methods Method Descriptions

Domain Randomisation

Tobin et al. [82] Non-realistic random textures in a simulator for training a robust real-world object detector

Tremblay et al. [83] randomizing simulator parameters like lighting, pose, and object textures

Sadeghi and Levine [84] Domain Randomisation with 3D CAD models in Reinforce Learning environment

Mehta et al. [85] Active Domain Randomisation for selecting the most informative environment variations

James et al. [93] RCANs translate randomized rendered images into non-randomized canonical versions

Peng et al. [94] Randomisation scheme during training process

Domain Adaptation

Ganin et al. [97] A GAN-based framework transfering knowledge from the source domain to the target domain

Liu and Tuzel [99] Coupled Generative Adversarial Network (CoGAN) for learning a joint distribution of multi-domain images

Yoo et al. [100]
An image-conditional image generation model for knowledge transfer at a semantic level;

Generates the target image at a pixel level.

Bousmalis et al. [102] Unsupervised pixel-level domain adaptation using Generative Adversarial Networks (GANs)
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Chapter 3

A Deep Learning-enhanced Digital

Twin Framework in HRC

3.1 Introduction

Collaborative robots (cobots) [123] are playing an increasingly important role in the

smart manufacturing and Industry 5.0 era, as they have the potential to boost produc-

tivity, ensure safety, and liberate humans from labor-intensive activities [124, 112, 125].

Bene�ting from the desirable productivity and precision through a series of repetitive

tasks conducted by machines along with the 
exibility of manual operations, cobots

have shown their great potential to realize smart manufacturing, including 
exibility

and perform repetitive tasks. Examples include but are not limited to hazardous and

extreme working environments such as quality inspections, machine tending, material

handling, welding, and drilling.

The concept of HRC in Industry 5.0 is mostly conveyed by smart manufacturing where

cobots work alongside humans in close proximity in a shared workspace and they are

pre-programmed to interact with humans to carry out various tasks. However, human

safety is a key prerequisite for the deployment of such robots. Traditional approaches to
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(a) (b)

Figure 3.1: Fig 3.1(a) and 3.1(b) shows the con�guration of an industrial

HRC process, where an operator exchanges components with a cobot at a

shared handover location. The robot cell is open on one side, allowing sta�

to enter the cell under speci�c circumstances

ensure robot safety in manufacturing require deployment of cages, as shown in Fig 3.1.

Physical barriers, light gates, and laser range�nders prevent direct contacts of cobots

and humans [126]. These safety measures protect human workers, but they are bulky,

in
exible (preventing true collaboration), and expensive.

In recent years signi�cant research has been carried out to develop cage-free and

more 
exible safety solutions. Collision avoidance based solutions have been proposed

in [127, 128, 129], where the pre-programmed trajectory of cobots are adapted to

avoid collisions with dynamic obstacles, e.g., humans and other objects in the shared

workspace. Unfortunately, these solutions lack the ability to distinguish `humans' from
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other objects, which could subsequently cause severe consequences. In addition, these

solutions rely on the alignment of digital cobots designed by Computer-Aided Design

(CAD) tools [130] to re-built digital cobots from Red, Green, Blue plus Depth (RGB-

D) camera data. CAD models of cobots were combined with the data captured by

RGB-D sensors. This leads to an easy separation of robots from surrounding objects

and also from humans. The alignment between a CAD model and the caged cobot

is typically done with the assistance of hand-eye calibration [130, 131]. However, the

calibration quality is critical in determining the accuracy of alignment.

Besides CAD models, augmented and mixed reality techniques which integrate computer-

generated virtual information into real-world scenes can help users to enhance their

understanding and awareness to support safe interaction in HRC tasks [132, 133, 134].

Meanwhile, thanks to the rapid development of deep learning and CV techniques, a

series of modern approaches have been proposed [135, 136], demonstrating success in

scene understanding and visual perception, such as classi�cation, object detection and

segmentation.

Furthermore, Digital Twin of cyber-physical systems provide a real-time digital repre-

sentation of physical collaborative manufacturing systems. This can greatly improve

the systems' intelligence regarding design, production, operation, evaluation, health

management and performance optimization [125, 137]. Digital Twin can contribute

to a range of di�erent aspects in challenging HRC systems [77], including to simula-

tion, modelling, performance analysis, process monitoring, data collection, data mining,

data fusion, interaction as well as cognitive service [111, 109]. This makes Digital Twin

and intelligent solutions promising in avoiding the complex calibration process and in

achieving identi�cation of cobots and other objects in HRC without calibration at all.

Di�erent de�nitions [111] of Digital Twin have been proposed and developed over

time. According to [110], a Digital Twin is a set of coupled computational models

and methods that evolve over time to persistently represent the structure, behaviour,

and context of a unique physical asset such as a component, system or process. A
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Digital Twin represents a real system, e.g. a city, cobot, aircraft, and acts as a coupled

duplicate of the real world. It has several important characteristics: i) it isuniversal

and can be applied to several domain areas, ii) it has amodular structure , which can

be updated, expanded and developed further, 3) it isconnected with data - both

computer generated and from the real system. It can be used for a number of purposes

{ design, increasing safety and autonomy, and others, including for new functionalities.

Fu et al. [111] point out four stages in the development of Digital Twin, with an

increasing usage of data in the last two stages, including remotely, when data could

be stored on a cloud and accessed via the IoT technologies. The surveys [138, 139]

systematically review the recent developments of arti�cial intelligence-driven Digital

Twin in the areas of cutting-edge robotics and smart manufacturing. Besides, multi-

access edge computing was incorporated into Digital Twin, facilitating manufacturing

processes towards smart and 
exible [140, 141].

Having in mind these recent trends [142, 78], one can identify several gaps between

the research in Digital Twin techniques and their applications in industry: i) Digital

Twin need further developments in order to represent manufacturing systems in a wide

range of complex environmental conditions and diverse production stages, ii) in the

majority of cobot systems, safety is guaranteed via caged environments or additional

safety sensors when the cobots are operated at higher speeds so as to meet production

demands of end users, iii) the level of autonomy varies across di�erent applications

and is on the increase thanks to recent developments in intelligent sensing, CV and

arti�cial intelligence techniques.
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Figure 3.2: A HRC cell is available in the She�eld Robotics Lab at the

University of She�eld, UK. An HRC cell is shown in this picture, where

there is an operator desk in front of the cobot and the operator exchanges

components with the cobot on the desk. A Kinect sensor is mounted on the

top of the cell to monitor the HRC operation.

Aiming at contributing towards bridging these gaps, this chapter proposes an intelli-

gent Digital-Twin-based safe human-robot collaboration framework. A Digital Twin is

built to simulate the physical HRC system which is shown in Fig 3.2. A communication

framework is further designed so that the Digital Twin can be synchronised with the

physical HRC platform with the support of the Robot Operating System (ROS) [143].

Consequently, information including robot poses and kinematics can be shared between

the digital and the physical systems 
exibly and in a real-time manner. Owing to the

Digital Twin's ability to create photo-realistic digital cobots and maintaining holistic

cobot parameters, a diverse amount of synthetic cobot data with accurate labels are

generated by the digital system. These data combined with human data from the

COCO repository [87], are used to train deep learning models to monitor interactive
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operations of robots and humans. The challenges stemming from the simulated Digi-

tal Twin environment and the real environment are addressed by further proposing a

semi-supervised deep learning detector. The Digital Twin system is applied to analyse

and validate how the environment, e.g. the lighting conditions, a�ect the performance

of the deep-learning action-recognition system. With the proposed deep learning detec-

tor, humans and robots are monitored in the physical environment to ensure their safe

separation. Therefore, by adopting a Deep Learning-enhanced Digital Twin Frame-

work, this work contributes toward cost-e�ective and 
exible systems for intelligent

sensing and decision making.

The main contributions of this work are as follows: i) a semi-supervised framework

for object detection is proposed by adopting a Faster region-based convolutional net-

work [17]; ii) a Digital Twin of a physical HRC system is developed that generates

synthetic robot data to train deep learning models for monitoring human-robot col-

laborative behaviors. iii) the performance of the developed Digital Twin system is

validated and evaluated over both synthetic and real data sets, demonstrating that it

can achieve accurate recognition of human-robot behaviors for safety assurance. Re-

search outputs include publicly available datasets generated by the proposed Digital

Twin of a Universal Robot 10 (UR10) robot, and a semi-automated annotation tool.

The remainder of this chapter is organised as follows. Section 3.2 describes the devel-

oped framework for safe and reliable HRC in detail. Section 3.3 describes the real and

synthetic datasets along with the semi-automated annotation tool used in this work.

Section 3.4 presents evaluation and validation of the detection and classi�cation results

under di�erent lighting conditions, whilst explaining safety criteria for decision making

and demonstrating how to implement or adopt the proposed framework into practical

cases. Finally, Section 3.5 summarises the results and make a conclusion.
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3.2 The Deep Learning-enhanced Digital Twin Frame-

work

Traditional solutions to prevent hazardous human activities with cobots include physi-

cal safety barriers, proximity sensors, and light gates, which have major disadvantages

of big size, di�cult maintenance, inability to adapt under various operating conditions,

and sometimes high cost [144, 145]. To meet the high requirements for cobots towards

safety and reliability, this chapter proposes an intelligent and 
exible deep learning-

enhanced Digital Twin framework for monitoring the human-robot collaboration with

a high level of autonomy in manufacturing.

The performance of the proposed framework is demonstrated and evaluated on a Uni-

versal Robots UR10 platform using a Microsoft Kinect V2 sensor as shown in Fig 3.2.

The framework does not require any complicated and time-consuming sensor calibra-

tion.
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Figure 3.3: Theoretical framework of using deep learning and Digital Twin

techniques for monitoring Cobots towards safety and reliability. The frame-

work is comprised of three layers: i) Digital Twin layer, ii) deep learning

layer, and iii) real data generation layer. Digital Twin layer illustrates the

Digital Twin in which a ROS-based communication system is designed for

information transmission including robot pose, the orientation and posi-

tion of the camera, etc. between the digital and the physical system. Deep

learning layer represents how the synthetic dataset with accurate annota-

tions is generated, then the detector is trained with the dataset. The detec-

tor is applied to monitor humans and the cobot in the physical system. In

the meanwhile, it also illustrates how a semi-supervised detector is trained

which will be explained in Section 3.2.4. In the real data generation layer,

a deep learning-based annotation tool is developed to assist to collect and

annotate real data.

Fig. 3.3 shows the Digital Twin including the proposed deep learning model which

consists of three layers: i) Digital Twin layer, ii) deep learning layer, and iii) real
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