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Abstract

Robotics has been well-developed in various fields in recent years. With the widespread
application of intelligent machines, the interaction between humans and them is particu-
larly important. Simple and reliable interactive systems are the general trend of future
development. This thesis focuses on the development and implementation of serious in-
tuitive human-machine interaction systems and explores the application of technology in

graph classification, robot learning, droplet detection and robot control.

First of all, the real-time observation of the intelligent machines to the outside world
is particularly important. A real-time double emulsion droplet detection system based on
colour space segmentation and Hough transform is proposed, which can accurately detect
the contour, size and generation frequency of droplets, and provide support for quality

monitoring in industrial production.

In terms of graph classification, the research introduces a target-unbiased meta-learning
algorithm to solve the graph structure classification problem under small sample data,
demonstrates its excellent generalization ability, and improves the efficiency of image pro-
cessing and recognition in human-machine interaction systems. In robot learning, the model
optimized by extreme learning machine(ELM) combined with beetle antennae search(BAS)
is studied, which significantly improves the accuracy and learning speed of trajectory pre-
diction of KUKA iiwa robot and enhances the operational flexibility and real-time per-
formance of the robot. The research also proposed robot path planning based on a fault-
tolerant motion planning algorithm to achieve automatic drawing tasks. These studies
demonstrate the important role of machine learning algorithms in robot control and plan-

ning, and significantly improve the robot’s ability to interact with the environment.

In addition, the research also developed a flexible sensor data glove that can be used for
remote control, further improving the naturalness and real-time nature of human-machine
interaction. By integrating manual algorithms with machine learning technology, the thesis
provides innovative solutions for the development of intelligent human-machine interaction

systems and promotes technological progress in this field.
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Chapter 1

Introduction

1.1 Definition and Evolution of Intuitive Human-Machine

Interaction System

Human-machine interaction (HMI) is a field that explores the interface between humans and
machines, encompassing areas such as hardware and software design, user experience, and
cognitive psychology[l]. Its primary goal is to make machine operation more efficient, safe,
and intuitive through optimised design, thereby enhancing user experience and improving

work efficiency/[2].

The essence of human-machine interaction is to design systems or interfaces that max-
imise machine effectiveness while minimising the complexity of user operations. This field
not only covers visual interfaces but also includes tactile feedback, voice interaction, ges-
ture control, and other interactive methods. Through these mechanisms, users exchange

information and control instructions with machines to complete specific tasks|[3].

HMI is an interdisciplinary domain involving computer science, psychology, design, and
engineering. It demands both technical skills and a deep understanding of user behaviour
and cognition. Its research findings are applied to various platforms beyond computers
and mobile devices, including robots, autonomous vehicles, smart homes, and medical

equipment[4]. Human-computer interaction is also a kind of HMI.

In the initial phase of human-computer interaction, command line interfaces were the
primary means of interaction. Users entered text-based commands via the keyboard, and
computers executed the corresponding operations. This method required a high level of
technical proficiency and understanding of command syntax, limiting its accessibility. De-
spite this, the Command Line Interface still plays a role in modern computing, especially

in environments that require precise control[5].
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With advancements in computer graphics and display technologies, graphical user inter-
faces became the dominant mode of interaction. Rise of Graphical User Interfaces utilises
visual elements such as icons, windows, and buttons, allowing users to interact with ma-
chines intuitively without needing to memorise complex command syntax. This shift sig-
nificantly lowered the barrier to entry, making computers more accessible for everyday use
and work[6].

In recent years, natural user interfaces have emerged as a key area of research in HMI.
NUI enables interaction methods that align with human natural behaviours, such as touch,
gestures, voice, and eye tracking[7]. The combination of artificial intelligence and sensor
technologies has made the Natural User Interfaces implementation increasingly viable. This
type of interface enhances both the intuitiveness and efficiency of interactions, as well as

the overall immersion and user experience|8].

1.2 Necessity of Intuitive Human-Machine Interaction Sys-

tem

1.2.1 Motivation

As technology continues to advance and become more widespread, users’ expectations for
human-machine interaction (HMI) systems have been steadily rising. There is a growing
desire for interactions with machines to occur in a more natural manner, eliminating the
need for complex learning processes [9]. Intuitive HMI systems hold particular significance,
especially within the domains of consumer electronics, smart home devices, and social
robotics. Users anticipate that these systems will possess capabilities such as natural
language understanding, gesture recognition, and emotion perception, aiming to make
human-machine interaction as seamless and instinctual as interpersonal communication

10].

Cognitive load, defined as the mental effort exerted by users during system interaction,
has been the focus of extensive research. Findings indicate that a high level of cognitive
load can lead to a deterioration in user experience, potentially even inducing feelings of frus-
tration and resistance during usage [11]. Consequently, the design of intuitive interaction
systems that effectively reduce cognitive load is of paramount importance for enhancing
user experience and promoting system acceptance. Practical approaches include optimis-
ing interface layouts and integrating natural interaction modalities, both of which have
been proven to significantly shorten users’ initial learning curves when engaging with a

new system [12].

Traditional HMI systems typically require users to possess a certain level of techni-
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cal expertise and prior usage experience, which inherently restricts their accessibility to
a broader audience. With the increasing proliferation of computer technology, an ever-
growing number of ordinary users are beginning to interact with various electronic devices
and systems. To meet the needs of this expanding user base, the development and im-
plementation of intuitive HMI systems have become increasingly critical. These systems
enable users to quickly become proficient, lower the barriers to entry, and thereby facilitate

the wider dissemination and adoption of technological innovations [13].

1.2.2 Application Fields

In the medical field, intuitive HMI systems can help doctors and medical staff operate
medical equipment and systems more efficiently. For example, through gesture recognition
and voice control, doctors can interact with surgical robots in a sterile environment, or free
their hands when viewing patient information[14]. These systems can also help the elderly
and people with disabilities use medical devices more easily, improving the accessibility

and convenience of medical services[15].

In industrial automation, intuitive HMI systems can help workers operate and mon-
itor production equipment more efficiently. For example, augmented reality technology
can help workers more intuitively understand equipment status and operation steps in
complex production environments, reduce errors and improve production efficiency[16]. In
addition, voice and gesture control systems can enable workers to operate machines more

conveniently and reduce tedious key operations[17].

In the field of smart homes and social robots, intuitive HMI systems can signifi-
cantly enhance user experience. For example, through voice assistants, users can naturally
control smart devices at home, perform voice queries, or play music[18]. Social robots, by
recognising users’ facial expressions and vocal emotions, can respond in a more human-like

manner, thereby enhancing the emotional experience and user acceptance[19].

In the field of transportation and travel, multimodal fusion can improve driving
safety and experience. The driver can adjust the air conditioning temperature by circling in
the air, switch the instrument panel display mode by waving, and combine voice commands
(such as “navigate to the nearest charging station”) to achieve safe operation of “keeping
eyes on the road and hands off the steering wheel”. The windshield is used as a projection
interface to directly superimpose navigation arrows on the real road conditions, reducing

the frequency of drivers looking down at the screen[16].

In addition, HMI is widely used in many fields such as education, military and

aerospace, retail and service industries[17].
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1.3 Existing Technologies and Challenges

1.3.1 Current State of Technology

Speech recognition technology is one of the core technologies of natural user interfaces
and is widely used in smart assistants (such as Siri, Alexa) and smart home devices. Modern
speech recognition systems can recognise voice commands from different users in noisy
environments through deep learning models[20]. However, speech recognition technology
still faces challenges in recognition rate and response speed, especially in multi-context and

multi-dialect environments[21].

Computer vision technology enables machines to “see” and understand the visual
information around them. This technology has a wide range of applications in autonomous
driving, security monitoring, face recognition and other fields. Through advanced algo-
rithms such as convolutional neural networks (CNN), computer vision systems can perform
tasks such as image classification, target detection, and pose estimation[22]. However, in
complex real-world scenarios, such as lighting changes, occlusion and multiple targets, the
robustness of the visual system still needs to be improved[23]. As an important part of
the development of computer vision, Augmented reality (AR) and virtual reality
(VR) technologies have changed the way humans and computers interact by creating
an immersive user experience. In AR systems, users can interact with augmented reality
environments through wearable devices (such as Microsoft HoloLens), while in VR systems,
users are fully immersed in a virtual environment[24]. These technologies have great appli-
cation potential in education, training, medical care, games and other fields. However, the
popularisation of these systems still faces challenges such as high equipment costs, lack of

comfort and content richness[25].

Haptic feedback technology enhances the user experience by providing physical
feedback (such as vibration, force feedback) when the user interacts with the system. This
technology has been widely used in virtual reality and surgical robots to provide a more
realistic sense of operation[26]. However, the design and implementation of tactile feedback
systems are complex and are subject to cost, weight and power consumption limitations,

which are the main obstacles to their widespread application[27].

1.3.2 Technical Challenges

Although speech recognition and computer vision technologies(including VR and AR) have
achieved high accuracy under laboratory conditions, the accuracy and robustness of
the system remain a challenge in real-world applications. Different background noise,

lighting conditions, and user characteristics (such as dialects and accents) can affect system
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performance. The existence of these problems limits the popularity of HMI technology in

diverse application scenarios[28].

In many interaction scenarios, the response time of the system is crucial. Users expect
the system to respond to their operations in real time and smoothly. However, com-
plex computing tasks (such as inference of deep learning models) often consume a lot of
computing resources and time, resulting in less than ideal system response speed. This is
particularly important in some time-sensitive application scenarios (such as autonomous

driving and remote surgery)[29].

Different user groups have different needs and habits, which brings great challenges
to the design of human-machine interaction systems. A good system not only needs to
adapt to the usage habits of different users, but also needs to be able to learn and adapt
to user changes[30]. Although machine learning and personalised recommendation sys-
tems are helpful in this regard, how to effectively achieve user adaptability in practical

applications remains a difficult problem[31].

The cost of many human-machine interaction technologies is still high, which to some
extent limits their widespread application. Especially in the consumer market, cost re-
duction is the key to technology popularization. How to reduce costs without sacrificing

performance is still an important issue that technology developers need to face[32].

Robots may encounter hardware failures when performing tasks, so effective fault tol-
erance mechanisms are needed to ensure the smooth completion of tasks. Current fault
tolerance strategies are often targeted at specific types of failures and are not general

enough.

The technical challenges of haptic feedback are currently mainly focused on the hard-
ware limitations of fine tactile simulation, which makes it difficult to restore complex tactile
textures. Haptic feedback needs to be integrated with force feedback, temperature feed-
back, etc. (such as synchronous low-temperature stimulation when virtually touching ice
cubes), but existing devices (such as tactile gloves) are limited by volume and it is difficult
to integrate multiple types of actuators[33]. Due to individual differences in human per-
ception thresholds, the same vibration intensity may be perceived as different results by
different users[34].

1.4 Research Objectives and Thesis Structure

1.4.1 Research Objectives

The main goal of this study is to develop and implement an intuitive HMI system, including:
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e Develop a real-time double emulsion droplet detection system based on colour space
segmentation and Hough transform: the system can accurately identify the contour,
size, and generation frequency of droplets, providing a reliable data basis for subse-

quent processing.

e Explore the application of neural networks in image classification: study the perfor-
mance of machine learning in processing image classification and propose improve-

ment strategies to optimise its performance.

e Study the application of extreme learning machines in robot trajectory prediction:
explore how to use extreme learning machines for robot trajectory prediction and

improve prediction accuracy through optimisation algorithms.

e Propose a fault-tolerant algorithm: use to handle drawing tasks in the case of robot
joint failures, ensuring that the robot can maintain normal movement of the end

effector even when multiple joints fail.

e Design a low-cost data glove: use bending sensors to achieve remote operation of
the robot hand, further improving the naturalness and real-time nature of human-

computer interaction.

1.4.2 Overview of the Thesis Structure

Chapter 2 - Background Research: reviews the existing literature in related fields,
analyses the advantages and limitations of current technologies, and provides theoretical

support and technical background for the development of this study.

Chapter 3 - A Real-Time Double Emulsion Droplet Detection System Using
Hand-Crafted Algorithms: describes in detail the real-time double emulsion droplet de-
tection system based on colour space segmentation and Hough transform, and demonstrates

the effectiveness of the system under different experimental conditions.

Chapter 4 - Target-Unbiased Meta-Learning for Few-Shot Graph Classifi-
cation Using Graph Neural Networks: discusses the mathematical principles and

learning methods of neural networks in graph classification tasks.

Chapter 5 - BAS Optimised ELM for KUKA iiwa Robot Learning: discusses
the application of machine learning to robot trajectory prediction(extreme learning ma-

chines).

Chapter 6 - A Robot Drawing System Based on Image Segmentation of Fault
Tolerant Algorithm: explores the role of the fault-tolerant algorithm in redundant robot
operation, especially the method of maintaining normal movement of the end effector in

the case of multi-joint failure.
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Chapter 7 - Development of a data glove using flex sensors for the robot hand
teleoperation: describes the design process of a low-cost data glove and its application

in the remote operation of robot hands.

Chapter 8 - Conclusion and Prospect: summarises the research results of the

whole research and proposes future research directions.



Chapter 2

Background Research

2.1 Current Status of Human-Machine Interaction Systems

2.1.1 Development of Human-Machine Interaction Technology

Human-machine interaction (HMI) technology has evolved significantly, transitioning from
mechanical control interfaces, such as buttons and levers, to advanced sensor-based systems
that facilitate natural, multimodal interactions. Early HMIs relied on basic controls for
industrial and manufacturing applications, primarily focusing on machine operation and
safety monitoring. With advancements in microprocessors, sensor technology, and artificial
intelligence, HMI systems have integrated increasingly sophisticated interfaces[35]. Modern
HMIs frequently utilize touchscreens, voice recognition, and gesture control to offer more in-
tuitive and responsive interactions. Additionally, technologies like augmented reality (AR)
and virtual reality (VR) are transforming HMI, particularly in sectors such as automotive,
where AR displays provide real-time information directly within the driver’s field of view,
and in healthcare, where VR-based interfaces support complex surgical procedures. The
development of machine learning algorithms has further enhanced HMI systems, enabling
personalized, context-aware interactions that adapt to user behaviour and preferences.
Today’s HMI technologies are progressing towards fully autonomous systems, improving
not only user experience but also operational efficiency and safety across a wide range of
applications[36]. Figure 2.1 shows a schematic sketch of the working of Human-machine

interaction.
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2.1.2 Demand for Intuitive Human-Machine Interaction Systems

The need for intuitive HMI systems has grown substantially, driven by users across di-
verse industries who seek more natural, efficient interaction methods with machines. In
consumer technology, such interfaces enhance accessibility and user satisfaction, as ex-
emplified by voice-controlled smart home devices that enable hands-free management of
household tasks. In industrial automation, intuitive HMIs streamline complex processes,
reduce errors, and improve safety by allowing operators to monitor and control equipment
with minimal cognitive load[37]. This demand is especially pronounced in fields with strin-
gent real-time requirements, such as autonomous vehicles and healthcare, where operators
must interact rapidly and accurately with systems. Users increasingly expect HMI systems
capable of understanding and responding to natural language, gestures, and even emotional
cues[13]. Developing such intuitive systems requires ongoing advancements in artificial in-
telligence, sensor accuracy, and robust security measures to safeguard user privacy. As
technology progresses, intuitive HMIs are expected to become the norm, seamlessly inte-
grating intelligent systems into daily life and specialized fields, fundamentally transforming

human-machine interaction[4].
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2.1.3 Key Technologies and Limitations

Visual tracking technology uses cameras to capture user movements is widely used in
games, virtual reality and other fields. It can identify information such as human posture
and facial expressions, making the interaction more vivid and natural[38]. Deep learning-
based methods, such as convolutional neural networks (CNNs) and recurrent neural net-
works (RNNs), have made significant progress in this field [39]. For example, OpenPose
is an open-source human posture estimation library that can detect key points of multiple

people in real-time, thereby supporting complex HMI applications[40].

Tactile feedback can provide feedback information to users through vibration or other
physical stimulation to enhance the realism of interaction[41]. It is very important for
simulating the sense of touch in the real world, especially in medical training and remote
operations. The latest research shows that combining force feedback and temperature
feedback can further enhance the user experience. For example, HaptX gloves provide
high-resolution tactile feedback through microfluidics technology, allowing users to feel the

shape, texture and temperature of objects[42].

Voice recognition allowing users to communicate with devices through voice com-
mands is particularly suitable for mobile devices and smart homes[43]. Advances in voice
recognition technology enable devices to better understand users’ intentions and improve
the convenience of interaction. Currently, end-to-end deep learning models such as Trans-
former have performed well in speech recognition tasks [44]. Google’s Transducer model is
a typical example, which has achieved advanced performance in speech recognition tasks

in multiple languages[45].

Biosignal monitoring, such as electromyography, electroencephalography, etc., can
be used to identify the physiological state and intention of the human body. These tech-
nologies have broad application prospects in rehabilitation training, emotion recognition,
etc[46]. For example, by analysing electroencephalography signals, researchers have been
able to achieve real-time monitoring of brain activity and develop brain-computer interface
systems based on this[47]. Emotiv EPOC+ is a commercial portable EEG headset that
can be used for a variety of applications, including mental state monitoring and simple

mind control[48].

The limitations and challenges of robot trajectory planning technology are rooted
in its unique mechanical structure, application scenario constraints and control theory
difficulties[49]. There are multiple sets of joint angle solutions in the inverse kinematics
solution of the serial robot, and it is necessary to introduce additional optimisation targets
to screen feasible solutions. For example, when the robot is in a singular configuration,

a slight change in the end position may cause a surge in joint speed and cause loss of

10
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control[50]. When the robot is working, the 20ms delay of the visual sensor may cause
the target position prediction error to reach 10mm, which is difficult to compensate for by
traditional PID tracking control. It is necessary to combine model predictive control with

Kalman filtering to achieve advance planning[49].

Although the above technologies have their own advantages, they also have some com-

mon limitations:

High cost: High-quality sensors and computing resources are usually expensive, which
limits the popularity of the technology. For example, high-end tactile feedback devices and

high-precision visual tracking systems often require a lot of investment[51].

High computational complexity: Many advanced algorithms require a lot of computing
resources, which may be difficult to implement on embedded systems or low-power devices.

Especially in real-time application scenarios, efficient computing is crucial[52].

Environmental sensitivity: Changes in the external environment (such as changes in
lighting) may affect the quality of sensor data, thereby reducing the reliability of the system.

For example, a visual tracking system may fail in strong or low light conditions[53].

Different user behaviour: Differences in behaviour patterns of different users may cause
unstable system performance, so stronger adaptive capabilities are needed. Personalization

settings and adaptive learning algorithms can help alleviate this problem[54].

2.2 Image Processing Based on Machine Vision

Machine vision enables machines to “see” and understand the content of images by simulat-
ing the human visual system. Image processing technology is the basis of machine vision.
The main tasks include image acquisition, preprocessing, analysis and processing in spe-
cific application scenarios. With the development of deep learning and big data technology,
the image processing algorithm of machine vision has been significantly improved, but it
still faces many challenges in terms of real-time performance, stability and adaptability to

complex environments[55].

11
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Figure 2.2: Representative machine vision processing processes.

Image preprocessing plays a critical role in machine vision systems by enhancing
image quality, which is foundational for subsequent tasks like feature extraction and object
recognition. Key techniques in image preprocessing include denoising, image enhancement,
grayscale conversion, and edge detection. For denoising, methods like Gaussian filtering,
median filtering, and bilateral filtering are commonly used to reduce noise while preserv-
ing essential features such as edges. Edge-preserving denoising is especially important in
applications where both noise reduction and structure retention are crucial, such as object
recognition and biometric systems. Advanced algorithms, such as edge-aware and CNN-
based denoising filters, can selectively process high-frequency components, thus preserving
important structural details without compromising computational efficiency. Similarly,
common enhancement techniques like histogram equalization and gamma correction im-
prove contrast and pixel intensity distribution, aiding feature detection and classification
tasks. Adaptive methods, such as the adaptive gamma correction approach, further fine-
tune image enhancement by adjusting sensitivity to darker image regions, which is beneficial

in low-light conditions[56].

Neural networks (NN) are crucial in the field of image processing and machine vision.
Their core value lies in automatically learning visual features in a data-driven way, breaking
through the limitations of traditional manual feature engineering. Through layer structures
such as convolution and pooling, neural networks can automatically extract hierarchical
representations from data from low-level features (edges, corners) to high-level semantics
(objects, scenes)[57]. Neural networks support joint optimization of the entire process
from raw pixels to task outputs (such as target boxes, category labels) without splitting
the feature extraction and classification stages. Images are high-dimensional data. Neural
networks efficiently capture spatial correlations through the weight sharing and local recep-
tive field mechanism of the convolutional layer, reducing the number of parameters while
retaining contextual information. Neural networks have built a bridge between raw pixels
and semantic understanding by “learning from data” rather than “explicit rule design”,

becoming the cornerstone of modern machine vision[58].

12
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Edge detection is another foundational step, essential for identifying boundaries and
regions of interest within images. Techniques like the Canny edge detector and Sobel
operator are widely applied in extracting edge features, which helps simplify images and
focus computational resources on significant structural elements. Recent advancements also
include machine learning-driven preprocessing techniques, where algorithms like k-nearest
neighbour and support vector machines are utilized to dynamically adjust image brightness
and contrast, optimizing images for specific recognition tasks[59]. Figure 2.2 shows how

machine vision receives and processes images.

Feature extraction is central to image processing, aiming to condense the essen-
tial information within images to lower-dimensional representations that facilitate tasks
like detection and classification. Traditional approaches rely on colour, shape, texture,
and methods like the scale-invariant feature transform to identify unique image features.
In recent years, deep learning-based methods, particularly convolutional neural networks
(CNNs), have revolutionized feature extraction by enabling automatic learning of hierarchi-
cal features. CNNs utilize convolution kernels to identify edges, corners, and more complex
patterns, providing a more expressive and adaptable representation of image characteristics

than conventional methods[60].

For instance, CNN-based extraction techniques have shown remarkable accuracy in
distinguishing complex shapes and textures, which is essential for tasks involving object and
scene recognition. These deep learning models can be further enhanced with optimization
techniques to improve their adaptability and efficiency when applied to specific image
datasets. This approach allows for a more flexible and robust feature extraction process

that enhances overall performance in recognition and classification tasks[61].

Object detection is an important application direction in machine vision and is often
used to identify target objects in images. Traditional object detection algorithms include
Haar feature cascade classifiers and HOG+SVM methods, while deep learning-based algo-
rithms such as YOLO and Faster R-CNN have greatly improved detection accuracy and
speed by introducing convolutional neural networks[57]. Image segmentation is to divide
an image into regions with specific meanings. Common methods include threshold seg-
mentation, region growing, and edge-based segmentation algorithms[62]. In terms of deep
learning, network architectures such as U-Net and Mask R-CNN have significantly im-
proved the segmentation accuracy of application scenarios such as medical imaging and
scene understanding. Through effective segmentation technology, machine vision systems

can achieve more refined target area extraction[58].

13
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2.3 Artificial Neural Networks in Graph Classification

2.3.1 Basic Principles of Artificial Neural Networks

Artificial neural networks are a computational model that simulates the connection struc-
ture of neurons in the human brain and are widely used in tasks such as data classifi-
cation, regression, and pattern recognition. The core of artificial neural networks is to
learn through a large amount of training data, so that they can automatically extract data

features and perform complex mapping[63].

Multilayer Perceptron is one of the earliest neural network models, mainly used to
deal with simple linear separable problems. Although Multilayer Perceptron has limited
performance in dealing with complex nonlinear problems, it laid the foundation for the

subsequent development of deep learning[64].

Convolutional Neural Network(CNN) extracts local features of images through
convolution operations and is widely used in image classification and target detection tasks.
Its hierarchical feature extraction method enables the model to capture image features at

different levels, significantly improving the accuracy of image recognition[61].

Graph Neural Network(GNN) is a type of neural network model that has developed
rapidly in recent years. It is specifically used to process graph-structured data (such as
social networks, molecular structures, etc.). GNN learns the representation of nodes and
edges through a message-passing mechanism to achieve classification and regression of
graph datal[65].

2.3.2 Challenges and Existing Methods of Graph Classification

Graph classification tasks involve classifying graph-structured data. The challenge is how
to effectively capture the complex relationships and structural information between nodes.
Traditional machine learning methods often require a lot of manual feature extraction when
processing graph data, while neural networks greatly simplify this process by automatically

learning features.

Graph Convolutional Networks capture local neighbourhood information of nodes by
performing convolution operations on graph structures and have been widely used in graph
classification tasks[66]. One of the main advantages of Graph Convolutional Networks is its
parameter-sharing mechanism, which enables the model to effectively process large-scale

graph data.

Graph Attention Network introduces an attention mechanism to adaptively assign dif-

ferent weights to each edge in the graph, thereby improving the flexibility of the model

14
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in processing heterogeneous graphs[67]. Graph Attention Network performs well in node
classification and edge prediction tasks, especially when processing graph data with nodes

of different importance.

In graph classification tasks, target-unbiased meta-learning optimizes the meta-model
so that the model can quickly adapt to new tasks and new data distributions. Unlike
traditional supervised learning methods, meta-learning does not rely on a large amount of
labelled data, so it has unique advantages in small sample learning and transfer learning[68].
The core idea of Target Unbiased Meta-Learning is to learn a model parameter that can
quickly adapt to new tasks through meta-task training. Specifically, the model continu-
ously optimizes the loss function on the meta-task set during training, so that the model
can quickly update parameters and obtain better performance when encountering new
tasks[68]. In my paper “Target Unbiased Meta-Learning for Graph Classification”, re-
searchers proposed a new meta-learning algorithm that enables the model to better adapt
to data with different graph structures by training on multiple graph classification tasks.
In experiments, the algorithm performed well on multiple graph classification benchmark

datasets, proving its advantages in processing heterogeneous graph data.

2.4 Extreme Learning Machine in Robot Learning

2.4.1 Basic Principles of Extreme Learning Machine

Extreme Learning Machine (ELM) is a single hidden layer feedforward neural network that
has attracted widespread attention for its fast training and good generalization ability. Un-
like traditional neural networks, the hidden layer weights and biases of ELM are randomly
generated, and the training process only needs to solve the output layer weights by the

least squares method, which greatly simplifies the computational complexity[69].

ELM maps input data to a high-dimensional space through random projection, and then
uses the least squares method to solve the output layer weights to complete the training.
This process avoids the tedious gradient descent optimization, giving ELM a significant
speed advantage when processing large-scale data[70]. Figure 2.3 shows a schematic dia-

gram of the structure of the Extreme Learning Machine.
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Figure 2.3: Basic principles of the Extreme Learning Machine.

ELM is widely used in tasks such as classification, regression, and time series prediction,
especially in real-time applications that require fast response. Studies have shown that
ELM has high application potential in image recognition, speech recognition, and robot
control[69].

2.4.2 Application of ELM in Robot Trajectory Prediction

Robot trajectory prediction involves predicting the future trajectory of a robot based on
historical motion data. Traditional methods usually rely on physical modelling and motion
equations, which are susceptible to noise and nonlinear factors. With the development of

machine learning technology, data-driven methods have gradually become mainstream [71].

ELM has become an effective method in robot trajectory prediction due to its fast
learning and good generalisation ability. In our paper “BAS Optimised ELM for KUKA
itwa Robot Learning”, we used the ELM model to predict the trajectory of the KUKA iiwa
robot, and optimised the hyperparameters of ELM through the Beetle Antennae Search
(BAS) algorithm to further improve the prediction accuracy of the model. Figure 2.4 shows

16
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how the Beetle Antennae Search algorithm works.
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Figure 2.4: Schematic diagram of the Beetle Antennae Search algorithm. When forag-
ing, the beetle relies on its two whiskers to sense the difference in odour intensity and
decides the direction of movement. Through a simple bionic mechanism, the biological
perception behaviour is transformed into efficient mathematical iteration. Its core logic
of “perception-movement” reflects the powerful inspiration of natural behaviour in solving

complex problems.

The study of the optimisation method and experimental results shows that the ELM
model optimised by BAS performs well in the trajectory prediction task of the KUKA iiwa
robot, and its prediction accuracy and computational efficiency are better than traditional
methods. In experiments, the BAS-ELM model was able to quickly adapt to different

trajectory patterns, demonstrating its potential in real-time robotic control.

2.5 Fault-Tolerant Algorithms in Redundant Robots

Fault-tolerant algorithms play a crucial role in redundant robotic systems, enabling con-

tinued operation and ensuring safety even when one or more components fail. These algo-
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rithms are particularly valuable in high-reliability applications such as industrial automa-
tion, space exploration, and robotics for hazardous environments. Recent advancements in
fault-tolerant control focus on maintaining task performance by compensating for failures
in joints or actuators[72]. Figure 2.5 shows a schematic example of a redundant robotic

arm reaching its intended destination despite joint failure.

Ya Ya
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Figure 2.5: The fault-tolerant algorithm of the redundant robotic arm aims to utilize
the redundant degrees of freedom of the system (i.e., the number of degrees of freedom
exceeds the minimum degrees of freedom required to complete the task) to maintain the
task execution capability of the end effector by reallocating joint motion instructions when

a joint fails.

An effective technique is model-free fault-tolerant control, which adapts to failures
without requiring a detailed dynamic model of the robot[73]. Some algorithms utilise
real-time sensory feedback and statistical modelling to detect faults, adjusting joint ve-
locities to mitigate positional or trajectory deviations. This flexibility makes model-free
approaches highly adaptable, especially in applications where system parameters may vary

unpredictably.

Kinematically optimised redundancy management is also employed to maintain a fault-
tolerant workspace by reorganising redundant joints and prioritising reachable configura-
tions. This strategy involves configuring the robot’s kinematics to maximise a “fault-
tolerant workspace,” ensuring it can achieve its goals despite joint-level failures. Optimis-
ing both workspace and joint configurations is particularly effective in spatially constrained

environments, such as compact industrial settings[74].
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Overall, fault-tolerant algorithms in redundant robotics emphasise robustness, adapt-
ability, and efficiency, addressing both anticipated and unexpected failures. Future re-
search may focus on integrating these techniques with advanced machine learning methods
to enhance real-time fault detection and adaptive response capabilities in dynamic or un-

predictable environments.

2.6 Robot Platform Introduction

2.6.1 KUKA iiwa Robot Manipulator

The KUKA LBR iiwa (Intelligent Industrial Work Assistant) is a lightweight, collaborative
robotic arm optimised for human-machine interaction applications. As the first widely
produced robot specifically designed for safe human collaboration, the LBR iiwa is equipped
with advanced joint torque sensors across all seven axes. These sensors enable the robot to
detect contact instantly, allowing for rapid force and speed reduction to prevent accidents,
making it ideal for high-precision tasks in manufacturing, healthcare, and other safety-
critical environments[75]. Figure 2.6 shows the KUKA LBR iiwa 7 R800 robot arm.

The iiwa’s touch responsiveness and ability to learn programmed paths through simple
commands facilitate the implementation of complex automation sequences with minimal
programming. Powered by KUKA’s Sunrise Cabinet controller, the iiwa offers intuitive

setup and control for a broad range of applications[75].

Research and applications demonstrate the iiwa’s capability for precise and compliant
control, enabling it to handle repetitive, ergonomically challenging tasks independently,
thereby reducing human operators’ exposure to monotonous work. Its modular design
and compatibility with accessories, such as pneumatic and electrical media flanges, en-
hance its versatility across industries, from electronics assembly to cleanroom operations

in semiconductor production[75].

In summary, the KUKA iiwa robotic arm represents significant advancements in col-
laborative robotics, delivering safe, adaptable, and efficient automation solutions for both
industrial and research environments. This flexibility and focus on safety reinforce the
KUKA iiwa’s prominent role in the Industry 4.0 paradigm, establishing a foundation for

evolving human-robot workspaces.
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Figure 2.6: KUKA LBR iiwa 7 R800 robot arm. Adapted from reference 76.

2.6.2 Control Systems and Communications

The KUKA iiwa robotic arm integrates a range of control options, including real-time
motion adjustments and compliance control, enabling it to adapt to environmental changes
and interact safely with human operators. This flexibility is supported by the KUKA
Sunrise Cabinet, the robot’s main controller, which accommodates multiple communication
protocols, such as EtherCAT and the Robot Operating System (ROS), thus providing
robust interfaces to meet diverse application requirements|[75]. Figure 2.7 shows how the
KUKA Sunrise Cabinet works.

To enhance versatility, KUKA iiwa’s communication system is compatible with ROS
and ROS2 through frameworks like libiiwa, which streamline communication across plat-
forms. This compatibility is particularly valuable to researchers and engineers seeking
precise control over joint velocities, positional adjustments, and compliance mode switch-
ing, enabling the iiwa to perform adaptive tasks, including grasping and autonomous
navigation[76]. The iiwa’s control structure also supports impedance and compliance
controls, allowing fine adjustments to stiffness and damping—a crucial feature for tasks

involving unpredictable objects or environments[77].

Overall, the KUKA iiwa stands out in research and industry as a top choice for appli-

cations requiring advanced control and seamless communication, promoting safe, adaptive,
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Figure 2.7: Control and communication of the robot via the KUKA Sunrise Cabinet.

and efficient robotic deployment across various fields.
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2.7 Summary and Research Gaps

Although neural networks, extreme learning machines, and fault-tolerant algorithms have
made significant progress in their respective fields, there are still some challenges and

limitations in the practical application of intuitive HMI systems:

The complexity of deep neural networks makes their decision-making process often
difficult to explain, which is particularly important in applications involving safety and
reliability[78]. Although ELM performs well in some applications, its randomly generated
hidden layer parameters may lead to unstable model performance, especially when process-
ing high-dimensional data[70]. Existing fault-tolerant algorithms are often optimised for
specific fault types and lack the ability to comprehensively deal with multiple faults. How

to design a general and efficient fault-tolerant strategy remains an open problem|[74].

Based on the above analysis, future research can be further expanded in the following

aspects:

e Enhance the interpretability of neural networks: study interpretable neural network
structures or methods that integrate interpretable models with black box models to

improve the transparency and credibility of the system.

e Improve the robustness and stability of ELM: explore more effective hidden layer
weight initialisation methods or combine other optimisation algorithms to improve

the performance of ELM in different application scenarios.

e Better combine fault-tolerant algorithms with practical applications of robots: design
fault-tolerant strategies that adapt to multiple fault types, making the algorithm more

universal.

e Improving image processing algorithms: by introducing more advanced feature ex-
traction modules, the impact of interference factors on image processing results is
reduced. For example, multi-scale feature fusion and self-attention mechanisms are

used to improve the robustness and accuracy of droplet detection.

e Introducing more efficient machine learning models: using target-unbiased meta-
learning methods to optimise graph classification tasks, and using BAS-optimised
extreme learning machines to improve the accuracy of robot trajectory prediction.
The effectiveness of these methods is verified through experiments and applied to

practical scenarios.

e Designing innovative hardware interfaces: developing low-cost data gloves, using

bending sensors to accurately capture hand movements, thereby realising remote con-
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trol of the robot hand. At the same time, tactile feedback should be integrated into

the gloves to provide two-way communication functions and enhance user experience.
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A Real-Time Double Emulsion
Droplet Detection System Using
Hand-Crafted Algorithms

This chapter is based on our published paper “A Real-time Double Emulsion Droplets
Detection System using Hough Circle Transform and Colour Detection” and proposes a
real-time double emulsion droplet detection system based on a manual algorithm, aiming

to accurately detect and analyse the contour, size and generation frequency of droplets.

3.1 Introduction

Double emulsion droplet is a highly structured fluid in which smaller droplets are wrapped
in dispersed phase droplets[79]. The outer droplet forms a shielding layer around the inner
droplet, which can effectively isolate the inner droplet from the continuous phase. Double
emulsion droplets as a closed reaction system, avoiding the change of reactant concentra-
tion and cross-contamination between different reactions; the inside of the double emulsion
droplet can carry out a variety of biological and chemical reactions, and has the advan-
tages of the small amount of sample reagents and low consumption[79]. With these specific
advantages, double emulsion droplets are widely used in cosmetics, pharmaceutical produc-
tion, cell medicine, food science, the petroleum industry, chemical synthesis, environmental

monitoring and some other fields[80].

In the specific application process, sometimes it is necessary to detect the double emul-
sion droplet to obtain the droplet size, frequency and other parameters. In this case, it is
not easy to identify the edge of the inner droplet, mainly because the inner droplet will

not exactly at the centre of the wrap; and even if the inner droplet is in the centre of the
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wrap, the traditional Canny algorithm is not that easy to recognize it[81]. However, the
size and frequency of droplets must be accurately monitored during the production process.
Therefore, this chapter proposed a double-droplet detection method based on colour space,
which can get information of the contour, size and frequency of the double emulsion at one

time.

Redmon et al. proposed a real-time object detection method, the principle of which
is that a single neural network can directly predict bounding boxes and class probabilities
from the complete image in one evaluation. This unified system has a fast detection speed,
but the YOLO model used may produce some localisation errors [82]. Bao et al. analysed
the proportional multiplication technology under the framework of Canny edge detection,
which can greatly improve the positioning criteria through proportional multiplication
when the loss of the detection criteria is small[83]. This technique is more accurate than
the traditional Canny algorithm, but the detection speed is relatively slow. Zhan et al.
proposed an improved algorithm based on the frame difference method and edge detection
for the detection of moving targets. This method can mark the connected components of
the block to obtain the smallest rectangle that contains the moving object. It has a fast

detection speed and a high recognition rate, but it cannot obtain accurate object edges[84].

In the traditional droplet recognition method, the colour image will be converted into
a grey image, and then the grey image will be preprocessed to remove noise [85]. The next
step is to use the canny operator or threshold segmentation method to process it and then
go through suitable post-processing to get the information of the droplets[86]. Zhao etc.
from Beijing Information Science and Technology University introduced four algorithms
through Open CV programming, which can visually display the detection results under
different thresholds to facilitate image edge detection[87]. However, the non-maximum
suppression and dual threshold processing adopted by it require high time complexity, and
it takes a long time to process on high-resolution images, which cannot meet the real-time
scenario. Moreover, the fixed threshold solution demonstrated by the team cannot adapt
to changes in illumination. In images with an illumination gradient greater than 50 pixels
per centimetre, the edges of dark parts may be completely lost, and a large number of
pseudo edges will be generated in bright parts. This research intends to find a way to
directly extract and divide the colour of the colour image, then the information can be
obtained after post-processing. Compared with the traditional method, the pre-processing
and post-processing work of this method is relatively simple, which can greatly increase
the processing speed. This method requires the use of a colour camera and dyeing the
droplets. With the development of imaging technology, the cost of colour cameras is not

expensive, and the algorithm itself has a strong tolerance for chromatic aberration.

In computer vision, colour components are best separated from intensity due to reasons

25



Chapter 3 26

such as lighting changes or eliminating shadows. YUV is a colour coding system, mainly
used in video and graphics processing pipelines. Y stands for the luma component (the
brightness), U and V are the chrominance (colour) components[88]. It can make the en-
coding and transmission more convenient, reducing bandwidth occupation and information
errors[89]. The conversion matrix of YUV and RGB space is shown as follows, wherein the
YUYV is an advanced option for colour processing while the RGB is the most commonly
used colour display method[90]. OpenCV is a computer vision library developed by In-
tel. Its main role is for real-time image processing, computer vision and pattern detection

programs. It is completely open-source and can be used well in engineering practice[91].

Y 0.209 0587  0.114 R| Y €][0,255]
Ul =]-0147 —0.289 0436 |- |G| U e[-111,111] (3.1.1)
1% 0.615 —0515 —0.100| |B| V € [-157,157]

Hough circle transform is an image transform that can extract circular objects from the
image. This transformation can effectively search for objects with high radial symmetry,
with each degree of symmetry receiving one “vote” in the search space[92]. Grycuk and
etc. used the Canny edge detection method and quadrilateral detection algorithm to obtain
a list of objects of interest, but this method can only be applied to a single picture[93].
Therefore, this research intends to find a double emulsion detection method that can be
applied to fast cameras and can be monitored in realtime. The contribution of our proposed

tracking system can be highlighted as follows:

1. There is no need to determine the colour of the droplets being tracked, the first two
peaks of colours will be grabbed all at once, one is for the inner droplet the other is for
background, which makes a faster detection speed and fulfils the district requirement of

microfluidics detection.

2. Combining colour thresholding with Hough circle algorithms, this research provides
an opportunity to online monitor the quality of microfluidics formation by selecting those

failed formed droplets which do not have the inner coloured droplets.

3. The novelty is primarily in bringing together existing technologies to a complex task.
The novelty and innovation required in this kind of work are not to be underestimated,
whilst the system will be based on a number of existing technologies, combining these in
a way that makes a reliable, coherent and effective system is a complex research challenge

in its own right.

The Canny algorithm is a relatively straightforward algorithm, but the degree of free-
dom is relatively low, which requires manual debugging of a large number of parameters
(two thresholds) to select the edge[87]. The first step of Canny edge detection is to use

Gaussian blur to remove noise, but this step will smooth the edges, making the edge in-
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formation weaker, which may cause some required edges information to be missed in the
subsequent steps, especially weak edges and isolated edges[94]. It can be eliminated in
the calculation of the double threshold[95]. The Sobel operator is not very accurate in
positioning edges, and the edges of an image are more than one pixel[96]. The detection
is not stable enough when the traditional edge detection algorithm is applied to high-
speed cameras[97]. The detection algorithm we proposed can reach the point directly and
has a strong purpose. At the same time, the detection speed and accuracy can also be

guaranteed.

3.2 Problem Description

In order to detect double emulsion droplets through colour space, the droplets need to be
dyed first. The advantage of this method is that it can detect the edges of both inner and
outer droplets at the same time. When detecting the edge of the outer droplet, multiple
rays (vectors) are emitted from the centre of the droplet outward (especially toward the
left side of the nozzle). Along each ray, the darkest point is identified, and the collection

of these points preliminarily constitutes the edge contour of the outer droplet.

However, this method may be subject to two interferences that lead to false detection:
one is that there may be dark particles in the outer area of the pipe, and the other is that
the inner droplet is darker than its wrapping layer (outer droplet). In order to solve the
interference of the outer pipe, a white background can be covered in this area. For the
problem that the inner droplet is too dark in color, which may be caused in the detection
of the outer droplet edge, since the overall mask of the droplet has been obtained in the
previous step, the part within the mask area can be covered with white, thereby shielding

the interference of the inner dark area.

Finally, the complete outer droplet edge is formed by merging the darkest points iden-
tified on all rays. Since this preliminary edge may have errors, a standard window filter

needs to be applied to smooth and optimise it.

After converting the image to YUV format, the frequency of each tone is recorded on
the entire image. In this way, an image with two peaks can be obtained, where the first
peak is the background, and the second peak is the inner droplet. Since the background
creates many close peaks, the image must be filtered by the average window. However,
multiple peak detections are still triggered in the background. Find the next peak through
the points with a descending gradient on both sides of the first peak. When the largest
peak has been found, a dead zone should be set around it, and this dead zone should be
ignored after the second peak is found. After locating the second peak, consider it as the

chroma of droplets. All pixels whose colours are closer to the chroma of the droplet than
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the background colour are marked as white on the droplet mask. In the next step, the

image is morphologically filtered to remove noise.

The number of double emulsions needs to be detected. This method is mainly aimed
at the situation where a large droplet wraps a small droplet. In the situation where one
droplet wraps multiple droplets, it is easy to overlap during detection, which will lead to
errors. While determining the number of double emulsions, it can also identify the edges

of the two droplets inside and outside, then get the size of the droplets.

The frequency of droplet generation can also be directly derived. It can measure the
production time of a single droplet without the need for similarity conversion. By achieving
the above goals, the production of the double emulsion can be well monitored, so that it

can stably produce large droplet wrap small droplet.

3.3 Proposed Methodologies

3.3.1 Principle of Droplet Detection

Compared with the traditional method, this method extracts a specific colour by extracting
the value of U and V, reference data needs to be checked to find the U, V values range of
a certain colour. This method needs to manually set an initial value and a value range.
The first step is to use chroma values to perform colour segmentation on the target. The
algorithm associates different colour pixels in the visible range of the field of view with their
corresponding colours. As shown in Figure 3.1, the most common distribution is taken as
the background colour; the second most common distribution is taken as the colour of the
droplet. This method can quickly extract the droplet colour and background colour no

matter what colours they are.

The second step is to perform droplet detection through binarisation. As shown in Fig-
ure 3.2. First, randomly select a pixel in the visible range of the field of view and determine
whether the point is a background colour or a droplet colour. If it is the background colour
then give it black colour, while the droplet colour gives it white colour. So droplet detection
can become spot detection. Before this process, noise reduction is required through filter-
ing. Then by determining the centre of the mass point to identify the centre point of the
spot (inner droplet), this centre point is a necessary condition for subsequent identification

of the outer edge and calculation of the size.
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Number of Pixels

Green

Figure 3.1: YUV space diagram. Green is the most distributed chroma, which is the

background colour; red is the second most distributed chroma, which is the droplet colour.

3.3.2 Determine If the Droplet is Successfully Formed

If the double emulsion has successfully formed, its shape is close to a circle; if it fails, it has
an irregular shape. First, find the centre point of the inner droplet, then find the farthest
point on its outer droplet from this centre point. Calculate the area of the fitted circle
with the connecting segment of these two points as the radius, and compare this area with
the actual area obtained by calculating the sum of pixels. In Figure 3.3, if the droplet is
formed successfully, the area obtained by fitting is not much different from the actual area;
if it fails, the area obtained by fitting will be much larger than the actual area. Assuming
Sp is the size of the outer droplet, obtained by counting the pixels numbers. The following

equation can be derived:

E=mr? - S (3.3.1)
-1, E< —a

sign(§) =40, —a<&<a (3:32)
1, E>a

Where r is the radius of the fitted circle, which is shown in Figure 3.3 as red circle; a is the
preset gap factor, which can be adjusted according to the difference allowed by different

experiments. When the output of the sign function is 0, the droplet is successfully formed.

3.3.3 Wrap Detection Principle

The traditional method is to determine the centre point of the entire double emulsion

droplet through the droplet inside[97]. In this research, we present two methods to detect
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Figure 3.2: Field of view obtained by binarisation. Give the background colour black and

the droplets colour white.
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Figure 3.3: The area of the fitted circle has been calculated and compared with the real
size. The green line represents the true outer edge of the droplet, and the red line represents
the circle formed by the fitting.

the outer edge of the droplet. First, as shown in Figure 3.4, the centre of the inner droplet
should be taken as the starting point, and use a vector of a certain length to make the
half-line. The length of the half-line can be defined by yourself. Find the darkest point on
each ray and circle it to form an external contour detection. Then the inner and outer edges
of the droplet can be identified and extracted. In this case, the formula can be expressed
as:

Sy=7-r-sin(n-0)+1-r-cos(n-0) (3.3.3)
Where r is the preset vector length; n is a geometric multiple, which represents the number
of iterations. The unit vectors j and [ can be synthesized into the required vector S;, when
the angle 0 given, where angle 6 is the angle between the sum vector and the positive

direction of the vector ;.
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Figure 3.4: The yellow circle indicates the contour of the inner droplet that has been
identified, and the red point is the centre point of the inner droplet. The half-line is
emitted with the red point as the centre, and the collection of the darkest points on each

half-line is the outline of the outer droplet, which is represented in green.

However, if the inner droplet did not successfully enter the outer droplet, the detection
would not succeed. The second method is to apply the Hough transform algorithm for
detection. Specifically, it is the curve transformation applied to the Hough line transfor-
mation. For a certain point in the pixel space, through the Hough transform, it is possible
to find all the specific linear shapes of this point. In this experiment, the edge shape is
close to a circle, so find all n circles passing through this point. As shown in Figure 3.5, if
the point is on the real edge of the outer droplet, then there is one and only one of these
n circles, which is the real edge of the outer droplet. So we need to constantly change the
position of the point to find the circle with the highest repetition rate, which is the outer
droplet edge.

For the known circle, the general equation in the rectangular coordinate system is:
(x—a)*+(y—b)’ =1 (3.3.4)

Where (a, b) is the coordinates of the centre of the circle, and r is the radius of the circle[98].
Then the parameter space can be expressed as (a, b, r), and a circle in the image coordinate
space corresponds to a point in the parameter space. The calculation process is to increase

a and b within the range of values, and solve the r value that satisfies the above formula.
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Each time a value of (a, b, r) is calculated, the corresponding array element A(a,b,r) plus 1.
After the calculation, the (a,b,r) corresponding to the largest A(a,b,r) are the parameters
of the desired circle[99].

The Hough transform algorithm has been used to scan all points within the visible

range of the screen, then the edges of the outer droplets can be extracted.

Figure 3.5: The Hough transform has been used to find the circle with the highest repetition

rate is the outer droplet edge, which is represented in green.

This circle is obtained by the Hough transform fitting. However, this circle is still
different from the real shape of the droplet. AS shown in Figure 3.6. The next step is to
use the fitted circle to extract its true outer edge. The method is similar to the previous
method. Two thresholds are added so that the vector only scans the area within the
threshold to get the set of the darkest points, which is the real outer droplet edge. This
method can extract empty droplets, which is the inner droplet did not successfully enter
the outer droplet. The size of the droplets can be measured by counting the total number
of pixels in the edge that has been identified, the total number of pixels can be converted
into area units after getting the scale factor data. In this case, the equation is expressed

as:
Su' =7 (R—7")sin(n-0)+1 (R—1)cos(n-0) (3.3.5)

where the large threshold is represented by R, small threshold is represented by /. The

meanings of other parameters are the same as in equation 3.3.4.
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Figure 3.6: The red circle is the fitted circle, and the green dashed line is the two thresholds
based on the fitting circle after scaling and expansion. By scanning the area within the

threshold, the true edge of the outer droplet can be obtained, which is represented in black.

3.3.4 Principle of Frequency Identification

The frequency of droplet generation is obtained by calculating how long it takes for the
droplet to pass through the nozzle. A line has been drawn from the centre of the inner
droplet to the nozzle, then check if there is an edge that exists along the line to judge the
rupture. The frequency of droplet generation has been determined by counting the number
of frames. The start frame is when the droplet begins to form, and the end frame is when
the droplet just formed. Therefore, the key point of this algorithm is to determine when
the droplet begins to form and when the droplet has just formed. If the droplet is in the
forming state, the number of frames is increased by 1; if it is already formed, the number
of frames is increased by 0, and the number of frames should be output as the frequency

at the same time.

The state of the droplet is judged by the leading point and the tailing point. In Figure
3.7 to 3.10, the m-line is the line segment where the droplet nozzle is located, perpendicular
to the direction in which the droplets are generated. The following situations can be

analysed:

1. In Figure 3.7, the leading point has not reached the droplet nozzle yet, the number
of frames should be output as the frequency. if the leading point has passed the droplet

nozzle, the number of frames should be increased by 1.

2. In Figure 3.8, the leading point has passed the droplet nozzle and tailing point has

not reached the droplet nozzle, the number of frames should be increased by 1.
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Figure 3.7: Leading point has not reached m-line.

Figure 3.8: Leading point on the left side of m-line and tailing point on the right of m-line.

3. In Figure 3.9, if the second leading point can be found between the previous leading
point and droplet nozzle, the number of frames should be increased by 1. If the second
leading point cannot be found, it may also be in the forming state, so further verification

statements need to be added.

Figure 3.9: Whether there is a new leading point between leading point 2 and m-line.

Leading point 2 means the previous leading point.

4. In Figure 3.10, the centre of the inner droplet to the midpoint of the m-line has
been connected to see if there are two edges on this line segment. If yes, it means that
the droplet has been formed, the number of frames should be output as the frequency; if
there is only one edge on the line segment, it means that the droplet is still forming, so the

number of frames should be increased by 1.
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Figure 3.10: Whether the droplet is formed should be determined by the number of edges
on the line segment, which connects the centre point of the inner droplet and the midpoint

of the m-line.

3.4 Experimental Results and Analysis

The video in the experiment runs at a frame rate of 30fps, and the program needs about
7-11 milliseconds per frame to track all droplets, so it can track in real-time at about 100
fps. This can be optimised through better hardware, optimisation, GPU acceleration, etc.
In the experiment, the accuracy of the system was close to 100%, but the situation of the

experiment video was relatively ideal.

When extracting the colour space, a one-step process method has been considered in
this research, which is to determine the background colour and the colour of the droplet by
catching the two peaks of the ordinate. This method does not need to consider what colours
they are but only needs to find the peaks. Another advantage of this method is that the
detection is accurate, and multiple colours can be extracted in the user interface, which
is very flexible. Different microfluidic devices have been used to validate our proposed

detection system.

3.4.1 Transparent Background with coloured Inner Droplet

In this case, the statistically calculated YUV curve has only one peak. In Figure 3.11, the
background is nearly transparent and the droplets are blue. To extract the colour blue,
the U value needs to exceed the peak. Its value range is [133,255]. If a cleaner extraction
is needed, the V value can be reduced to meet the requirements, then the effect of red can

be eliminated. The value does not include the main peak and the range is [1,123].
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Figure 3.11: The background is nearly transparent and the inner droplet has one colour.

3.4.2 Dyed Background with Darker coloured Inner Droplet

The background colour is caused by the dyeing of the outermost liquid, which interferes
with the colour extraction of the inner droplets. In Figure 3.12, the red colour of the inner
droplet needs to be extracted, which is relatively darker. Then the V channel should be
focused, there can be two peaks. The first peak is the green of the overall pipe background,
and the second peak is the red of the inner droplet. The colour green can be composed
of red and blue, so red can also be detected in the background. If the second peak value
is taken, the inner droplet size will be underestimated because the red colour inside the
droplet is uneven. The refraction of light caused by the droplet curve will also lead to
uneven red, which will cause the red at the edge of the droplet to be less red, resulting in
the identified droplet size being smaller than the actual size. It can be known from the
experiment, the detection effect is better when the middle value of the two peaks has been

taken.

YUV Color Space

5000 s ¥ Channel
U Channel
#4000 — Channel

9% JPPPRRS DR RFE S SE PP PP PSRRI PR 0P BV S P B0 D 5L BB B BB D S

Figure 3.12: The background has been dyed, and the inner droplet has one darker colour.

36



Chapter 3 37

3.4.3 Dyed Background, coloured Inner Droplet with Unevenly Dis-

tributed Illumination

In this case, the V channel should be focused on extracting the red colour and the YU
channel should be ignored. As shown in Figure 3.13, two peaks have appeared. Regarding
the value of V, the intermediate value of 130 between the two peaks has been taken. Two
methods can be used in the brighter area to eliminate the impact, increasing the U value
or decreasing the Y value. The interval of U value must cross the second peak, which can
be determined as [56, 255]; the interval of Y value can be determined as [0, 196], because

it belongs to the brighter area, only the two largest peaks need to be avoided.

YUV Color Space
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Figure 3.13: The light field is relatively uneven.

3.4.4 Dyed Background with Lighter coloured Inner Droplet

In Figure 3.14, the inner droplet is red, and the colour is relatively lighter. To extract
the red colour, the V channel should be focused on. There are two peaks in Figure 3.14,
but the peaks are not very clear. The value interval of V is [104, 255], in the middle of
the two peaks. However, there are shadows in the outer droplets. This problem can be
solved by three methods: debugging U value separately, debugging Y value separately, and
debugging U value and Y value at the same time. The U value range should include the
main peak, so take the value just past the main peak. In this figure, the U value can
be debugged in [0,110]; debugging the Y value alone is not very effective in this example,
because the pixels of the droplet will be lost; debugging the U value and Y value at the
same time can get a cleaner image, but the difference between this result and the result

when debugging the U value alone is not much different.
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Figure 3.14: The inner droplet has one lighter colour.

3.5 Conclusion

Through the analysis of the experimental results, it can be concluded that this method can
detect double emulsion and obtain accurate edges about inner and outer droplets. At the
same time, information such as the size and frequency of droplets can also be accurately
acquired. And it can effectively detect and mark the droplets that have failed to form.
In the high-speed production process, this method is still very effective. This system
currently only uses video for offline detection, the next step is to embed the model into a
high-speed camera to achieve real-time monitoring. Our future work will also focus on the
implementation of colour tracking-based algorithms into trajectory mapping of a Baxter
robot with a moving coloured item, which is also a further expansion of our previous work,
to achieve user experience enhanced human-robot interaction[100]. This method can play

an important role in a production environment that requires real-time monitoring.
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Target-Unbiased Meta-Learning
for Few-Shot Graph Classification
Using Graph Neural Networks

This chapter is based on the published paper ”Target Unbiased Meta-Learning for Graph
Classification” and explores the mathematical principles and learning methods of neural

networks in graph classification tasks.

4.1 Introduction

Even though the algorithms based on deep learning have powerful feature extraction and
knowledge expression abilities[101], there are still challenges. On the one hand, deep learn-
ing methods fully depend on datasets that require considerable labelled samples for train-
ing purposes[102]. Conversely, there is plenty of untagged data that needs to be artificially
tagged, which is expensive and time-consuming (a few-shot learning problem). On the
other hand, deep learning is merely for a specific task. In other words, models are only
trained for the current tasks. Hence, the performance of trained models needs to be pro-
moted while doing new tasks that have never been seen[103]. In addition, owing to lacking
training samples, the trained models may work well on the training set but encounter pa-
rameter overfitting problems on the testing set. Therefore, another key point of solving the
few-shot learning problem is to overcome the problem of overfitting. Due to these inherent
defects of deep learning, it remains gravely difficult to realise artificial intelligence by using

deep learning alone[104].

Meta-learning, often characterised as ”"learning to learn,” has garnered significant re-

search interest. Distinct from conventional artificial intelligence approaches, its primary

39



Chapter 4 40

objective is the enhancement of learning algorithms themselves by leveraging accumulated
experience across multiple learning episodes. This paradigm offers potential solutions to
persistent challenges in deep learning, such as limitations imposed by data scarcity and
computational demands, alongside fundamental issues of generalisation. Crucially, meta-
learning shifts focus from solving specific tasks to mastering the process of learning itself,
utilising previously encountered tasks. While meta-learning constitutes a subset of machine
learning, a key distinction exists: whereas traditional machine learning aims to enable ma-
chines to learn specific tasks, meta-learning seeks to enable machines to learn how to learn
effectively. Fundamentally, meta-learning extensively utilises prior knowledge and expe-
rience to guide and accelerate the acquisition of new tasks, embodying the ”learning to
learn” capability. It is arguably essential for achieving more robust and human-like arti-
ficial intelligence. Consequently, meta-learning has emerged as a prominent and critical

research direction.

Most meta-learning
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Figure 4.1: The overview of meta-learning tasks and target bias. To simulate
a meta-testing task, we derive M 5-way 5-shot tasks applied for meta-training. What
is worth noting is that not only do the samples of the query set used for meta-testing
contain the classification targets(flower, person, woollies, pears, bananas), but also include
the targets(birds, cars, cats, apples, grapes) seen in the meta-training stage. Under these
circumstances, the trained model is more inclined to identify the target that has been seen

and produce the target bias problem, which will affect classification accuracy.

However, although the existing meta-learning methods have achieved excellent results
with broad prospects, they all extract feature vectors from the support set and the query
set separately, which fail to consider the difference between the sample targets in the
support and query set[105]. The emerging meta-learning method can be used with the

training set to derive multiple few-shot classification tasks and simulate classification tasks
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with a few labelled samples of the testing set. However, when most existing meta-learning
methods extract feature vectors, they only take the benefits of making full use of data
information caused by prior knowledge into account, but fail to consider the preference
of the training model for targets that have already been seen. Also, meta-learning tasks
coexist with multiple tasks; they have a certain memory ability for prior knowledge. It
will lead to the extracted feature vectors not being conducive to the current classification
task if this preference is not considered, and we define this preference as “target bias”
(representing the preference of the model for the meta-training targets that have been seen
in the process of training the classification model). As illustrated in Figure 4.1, the labelled
dataset in the training task is images of cars, birds, etc. The testing task, unfortunately,
keeps classifying flowers, people, etc. If there are cars or birds in the image to be classified
besides flowers or persons, the trained model may be more inclined to regard cars or birds
as classification targets, other than flowers or persons, which may lead to deviations in
the classification results. In order to alleviate this deviation, this research proposes an
interactive attention extraction module in the feature extraction process, which has been
exploited to improve the separability of feature vectors and reduce the model’s preference
for a certain target. It is worth noting that our interactive attention extraction module can
be used as a supplement to any feature extraction module, reducing the model’s preference

of the “seen” targets to improve the classification accuracy.

Also, most of the data in the real world have complex interactive relationships, which
can be represented by graph structures, and GNNs are created to fully explore the relation-
ships between samples. In order to make full use of the relationships between samples, a
neural network has been introduced as a classification module to map the image-level clas-
sification task to the node level, and obtain the implicit relationship between the samples
through the node feature updating module and the edge feature updating module, where
each feature vector was treated as a node, and the GNN was utilized to fully express the
relationship in between. Simultaneously, in order to solve the issues that the distribution of
samples cannot truly represent the distribution characteristics of real data triggered by few
training samples, and to further deal with the amount of data that is incapable of meet-
ing the requirements of training and learning, we took the advantages of semisupervised

learning[106] and transductive inference[107] to enhance the effect.

In summary, our contributions are three-fold: First, a simple and well-behaved target
unbiased meta-learning method for graph classification has been developed; it operates
directly on graphs and can quickly lock the target domain of the current classification task
and solves the target bias problem of other graph classification methods. Second, we
demonstrate how this form of a graph-based neural network model can be used for the few-
shot classification of nodes in a graph. Third, we demonstrate the superior performance of

the proposed approach on the standard few-shot learning benchmark datasets and consider
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new few-shot learning settings (such as transductive and semisupervised learning) that are
also important real-world use cases and results show that our approach can outperform

baseline algorithms under these settings too.

4.2 Related Works

Aiming at solving the problem of few-shot learning, a large number of recent studies have
focused on meta-learning, because it can quickly adapt to new tasks and transfer useful
knowledge between tasks with fewer samples. Models and algorithms of meta-learning, in
a general way, can be basically divided into the following three types: optimisation-based
methods, metric learning-based methods, and memory-based methods. The following is a

specific introduction to these distinguished methods.

The optimisation-based methods are designed to quickly update the parameters on
scarce samples through the design of the model structure, and directly establish the map-
ping function between the input and the predicted value. Chelsea Finn and Sergey Levine
proposed the MAML algorithm in 2017[108], which is currently one of the most elegant and
promising meta-learning algorithms. In 2018, OpenAl released the simple meta-learning
algorithm Reptile[109], which repeatedly samples a task, performs stochastic gradient de-
scent(SGD), and updates the initial parameters until the final parameters are learned. The
authors of Jamal and Qi successfully trained a task-agnostic meta-learning algorithm, al-
leviating the problem of task preference[110]. Guo and Cheung etc. proposed a few-shot
learning algorithm (AWGIM) based on weight generation[111]. The above methods have
achieved extreme success in tackling the problem of few-shot learning. Unfortunately, due
to the limitations of optimiser selection (such as SGD, Adam, etc.) and learning rate,
optimization-based meta-learning methods usually have to update multiple steps to reach
a better point, so when models face new tasks, the learning process remains extremely

slow. Worse, they are easily overfitted when updating the weights in the case of trains.

The basic idea of methods based on metric learning is to compare the distance between
query set samples and support set samples, and then utilise the means of nearest neighbours
to achieve classification. The research works[112] are inspired by the Siamese Network[113],
the Matching Network[114], and the Prototypical Network[115] and then use metric learn-
ing ideas to implement few-shot classification tasks. Metric-based meta-learning methods,
also known as non-parametric methods, perform well for few-shot classification, but their
effectiveness in other meta-learning fields, such as regression or reinforcement learning, has
yet to be proven. Also, when the differences between the testing and training tasks are
evident, the effect fails to appear. Furthermore, when the task becomes larger, the pairwise

comparison may result in expensive computational costs.
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Memory-based methods are to construct an external memory, introduce prior knowl-
edge into it, and then use it to realise the classification of few-shot. The MetaNet[116] pro-
posed in ICML2017 is a method that realizes rapid parametrization of generalisation tasks.
CVPR2018 proposes a few-shot learning algorithm MM-Net[102] based on external mem-
ory. The innovation of this article is to use external memory modules to achieve few-shot
learning tasks. Memory-based methods are one of the most commonly used methods, and
have been implemented in few-shot classification, regression tasks, and meta-reinforcement
learning. Although these methods are more flexible, due to the learner networks needing
to design a learning strategy from scratch, they are slightly less efficient than other meta-
learning methods. In addition, they impose restrictions on the model (RNN), which may

prevent its development and application to some extent.

The above meta-learning methods have completely affected an immense number of
learning tasks, from image classification, and video processing to speech recognition, nat-
ural language processing, etc. Data, on the other hand, are non-linear and expressed as a
graph structure of complex relationships and interdependence in between[117]. Hence, quite
a few indispensable operations such as convolution are not suitable for graph data[103].
To sort it out, the GNN is used to embed data into a suitable Euclidean space. Victor
Garcia et al. used the few-shot learning algorithm of GNN to transfer the distance mea-
surement from Euclidean space to non-European space[118], and calculated the relation-
ship between images by graph model, although the thought is very simple, but obtaining
an advanced effect. Moreover, some new network architectures have been proposed re-
cently, such as Graph attention networks[119], Graph generative networks[120], and Graph
spatial-temporal networks[121]. In addition, Luo et al. proposed a deep relationship net-
work to capture the relationship between different samples and constructed a knowledge
graph by linking images with tags[122]; Lin et al. proposed a network (HOSP-GNN) for
few-shot learning, which can not only use relative metrics in multiple samples to describe
higher-order structural relationships, but also re-formulate the update rules of the graph
structure through alternate calculations between vertices and edges based on higher or-
der structures[123]; Ding et al. introduced a new graph element learning framework-Graph
Prototype Network to solve the problem of the few-shot node classification on the attribute
network[124]; Ma et al. proposed a direct method that using good initial value to capture
the substructure[125]. This research focuses on the classification of few-shot learning and
proposes a new framework AS-MAML. What is worth noting is that Yanbin Liu et al.
proposed a transductive method that carries on the label propagation to the training set
and the testing set in the episode, by establishing an undirected graph together with all
the unlabeled data and the annotated data, solving the problem that the classifier is unre-
liable, due to the lack of training data. Compared with inductive inference methods, it has

achieved advanced results[126]. In this research, similar transductive inference methods are
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used to make full use of the data without labels. The experimental results show that the
classification ability of the model is improved after the addition of transductive inference.
However, these methods also have the following shortcomings: They only take the benefits
of making full use of data information caused by prior knowledge into account, but fail to
consider the preference of the training model for samples that have already been seen. To
a certain extent, it will interfere with the model’s classification task. In order to alleviate

this deviation, this research proposes an interactive attention extraction module.

Considering the nature of metric learning, the difference between our work and the
above methods is that, through employing the interactive attention extraction module
during the process of feature extraction, the trained model is able to quickly locate the
target to be identified, and naturally reduces the interference of other objects in the same
situation. Furthermore, in order to improve the accuracy of classification, the advanced
GNN is therefore combined with the classification module. The specific implementation

process is described in Section 4.4.

4.3 Problem Definition

Meta-learning: It introduces a series of concepts, including N-way K-shot, meta-training,
meta-testing, base class and novel class, support set and query set, etc. Wherein base
class and novel class represent the source domain data used in the meta-training phase
and the target domain data to be learned in the meta-testing stage, respectively, in which
base class and novel class have no intersection[127]. The so-called N — way K — shot
classification problem means that the samples in the testing set desired to be classified are
all in NV categories, and only K samples in each category are labelled. What to prove is
that using these N x K samples to realise the classification of unlabeled samples in the
testing set[128].

It is known that meta-learning demands learning many tasks to learn a model algorithm
with strong generalisation ability. Therefore, meta-training is conducted by constructing
multiple classification tasks similar to the testing set to ensure the adaptability of the
model. Since meta-learning uses tasks as its own training data, the actual training set
and testing set of meta-learning are composed of multiple tasks. In order to distinguish,
the training set within each task was renamed to support set S = {(X1,Y1),..., (Xn, Yn)},
where n = N x K, and the testing set was renamed to query set Q = {x1,...,z4}. The
formation process of the support set and the query set is: each iteration randomly selects
N classes from all the classes in the training set, extracts K samples from all the samples
in each class as the support set, and the rest as the query set. The process of meta-training

is to use the samples in the support set to train the model. Moreover, the process of

44



Chapter 4 45

meta-testing is to randomly select a few instances from the query set, and let the model
query which category it belongs to in the support set, namely the label Y;, where i € (1,n),
if the classification is correct, it can be proved that the model performance is excellent.
Repeating the above meta-learning process can finally get the accuracy of the task model
which will be used to further optimise the parameters of the model. When the training
tasks are all completed, the trained model will be applied to classify the samples in the
testing set to achieve fine-tuning of the model, which will be used to classify the samples
with unknown labels in the testing set[129]. As illustrated in Figure 4. 1, they are five-way
five-shot tasks, and the number of meta-training tasks is M which is formed by repeating

the above meta-learning process M times.

During the meta-learning training process, various problems and challenges will be en-
countered. To address these critical limitations, we propose a novel meta-learning frame-
work centred on structured relational reasoning and explicit cross-set interaction. Qur core

contributions are threefold:

Graph classification: in the real world, there are complex interactive relationships
between most data, and this relationship can be represented by a graph structure, which
is composed of nodes and edges, where the nodes represent the objects of task processing
and edges represent the relationship between them. In this research, we regard the support
set categories or query set samples cascaded with tags as nodes, and the similarity among
categories or between categories and query set samples as edges, and the matrix composed
of the weights on the edges is regarded as an adjacency matrix (see Section 4.4 for details).
That is to say, our classification task converts the comparison methods at the image level
into the comparison methods at the graph (node) level. The purpose is to compose the
graph structure through the image, and use the GNN to update the node features and edge

features to fully mine the relationship between them, thereby increasing the accuracy rate.

Interactive: most of the existing meta-learning methods are multitasking and inde-
pendently extract the feature vectors of the training set and the testing set samples, which
leads to the low resolution of the extracted features (the extracted feature vectors are
easily affected by prior experience and blindly treat the trained targets as the targets of
the current classification task), while our model can extract the interactive attention R®
(which represent the relationship between the prototype and the query set sample feature
map) and R* (which represent the relationship between the query set sample feature map
and the prototype) between the training set samples and the testing set samples, making
the feature vectors more favourable for classification. In short, the “interaction” in this
research means that the feature extraction network no longer independently extracts the
feature vectors of the support set and the query set samples, instead, the feature vectors

related to the current task are generated by extracting the interaction between support
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Figure 4.2: Overview of unbiased feature vectors extraction process in a meta-
learning task. The feature extraction module has been used to acquire class centre feature
vectors(C1, Ca, C3,Cy) of support set and sample feature vectors(fy(z;)) (j = 1,...,q) of
query set. Afterwards, interactive attention extraction module is used for obtaining unbi-

ased feature mappings Ciandfy(z;).

set samples and query set samples (locking the target domain quickly through interactive

attention).

Bias: most meta-learning tasks coexist with multiple tasks, and they have a certain
memory ability for prior knowledge. Therefore, if not considered the preference of the
trained model for the training target that has been executed, it will lead to the extracted
feature vectors not being conducive to the current classification task, and we define this pref-
erence as “target bias”. Our proposed interactive attention extraction module can quickly
lock the classification target by generating interactive attention, so that the meta-learning
model reaches the target unbiased (we still retain the prior knowledge while interfering
with the past goal). In short, bias represents the preference of the model for the classifi-
cation targets (meta-training targets) that have been seen in the process of training the

classification model.

4.4 Mathematical Principles of Meta-Learning

From the theory of previous sections, we know that the meta-learning task is composed
of multiple N-way K-shot tasks, and this section will expound the execution process of
a certain meta-learning task, and the theory of Section 4.3 has explained that the GNN
contains a node update module and an edge update module, and in this section, we shall
explain that how the distance between the sample and categories be continuously updated

to obtain the final similarity through these two modules. We shall first briefly describe how
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Algorithm 1: Training strategy of target unbiased meta-learning
Inputs: S ={(X1,Y1),....(X»,Yn)}, Q ={z1,...,24}, where n = N x K
Outputs: labels y of images in query set;
For all M tasks do:
‘ Compute Cj, f4(x;) using Eq.1, where ¢ € (1,n),j € (1,9);

| Compute Ry, Ry using Eq.2 and Eq.3, where p € (1,m),q € (1,m);

‘ Compute af, a using Eq.4 and Eq.5, where p € (1,m),q € (1,m);

‘ Compute C;, fy(x;) using ag, ag;

‘ Connect C;, fg(z;) with its labels — V = {vy,...,v,}, where 2 = N + ¢;
‘ For all layers =1, ...,[ do:

‘ | Compute A® using Eq.6;

‘ | Compute VD using AO, VO,

| End

‘ Predict the label y; of x; based on A;

‘ Compute the cross-entropy loss function L using Eq.7;

‘ Output the label y;, where j € (1, ¢), of z; based on the minimum value of L;
End

the input context is mapped into a target unbiased feature vector, and then particularise
the related architecture. Also, our proposed model is divided into three modules: feature
extraction module, interactive attention extraction module, and graph classification mod-
ule. The visualisation of the operation process is shown in Algorithm 1 (Figures 4.2
and 4.3).
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Figure 4.3: Overview of unbiased feature vectors classification process in a meta-
learning task.The graph classification module has been used to update feature vectors of

nodes and adjacency matrix, ultimately, obtaining the similarity scores between nodes.

Feature extraction module: We use the traditional prototype network to extract the
original feature vectors. In like manner, the entire support set S = {(X1,Y1), ..., (Xn, Yn)},

where n = N x K, and query set samples Q = {z1,...,x4} are used as the inputs of
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the embedded function fs;. The class feature mapping (prototype) C;(Eq.4.4.1), where
i = 1,...,N, of the support set S and feature mapping fy(z;) of query set samples z;,
where j € (1, q), are outputs:

1 XK
Ci = m Z f¢(Xik) (4.4.1)
k=1

where i = 1,..., N, C; represents the class centre of the i — th class in support set, and
k . . . . .
f4(X;") indicates the feature mapping of the k — th sample of the i — th class in support

set.

The network structure that realises the above functions consists of four convolutional
blocks, and each convolutional block includes a convolutional layer, a batch normalisation
layer and a ReLU activation function layer. Its intention is to utilize a simple four-level
network structure to map the input information to a high-dimensional feature space, that is
RP — RM where M = ¢ x hxw, and ¢, h,w represents the number of channels, the height
and width of the feature map, respectively. And the mean value of its high dimensional
feature vectors is taken as the prototype C;. The ReLLU activation function is made use of

nonlinear mapping. The visualisation is shown in Figure 4.4.

{Cz' vy (xj )}
) S

( ReLU 7
Batch Norm
3x3Conv

1 }
B X,

Figure 4.4: Overview of the network structure of feature extraction module.

Interactive attention extraction module: In order to further process the original
feature mappings and obtain the unbiased target feature vectors, the interactive attention
extraction module is introduced. First, the prototypes C; € R"*% of support set and

the feature mappings fy(z;) € Re*hxw of query set samples are mapped to R*™ where
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m = h X w, using a multilayer neural network. At this time, m represents the number
of spatial positions on each feature mapping. The feature mappings extracted by the

prototype network now become: C; — (c1,...,cm) € R™, fy(xj) = (21, ...,2;,) € R™

/' |'m
qlg=1

vectors of the p — th and ¢ — th spatial position, respectively), and then use Eq.4.4.2 and

(where cp\g‘zl and x represents the class feature vectors and the query sample feature

Eq.4.4.3 to calculate the interaction relationship mapping R¢ € R™*™ and R* € R™*™:

!
c x
Ry = (720 ) () € (i) (4.4.2)
lewlly” |2,
where p € (1,...,m),g=1,....,m
/
z c
Ry = (o ) (o ) € esri) (4.4.3)
H‘T‘]HQ HCPH2

where p=1,...,m,q € (1,...,m).

Now the interactive attention mappings can be obtained, where R® = (r{,...,75,) €

R™*™ represent the relationship between the prototype C; and the query set sample feature

mapping fs(z;), and the attention mappings R* = (r{,...,ry},) € R™ ™ represent the

s my

relationship between the query set sample feature mapping fy(z;) and the prototype C;.
Furthermore, from the spatial position, r; € R™ represents the interaction between the

p — th spatial position of class feature mapping ¢, and all spatial position of query sample

/' |m
qlg=1

spatial position of query sample feature mapping :1;; and all spatial position of class feature

feature mappings similarity, ry € R™ represents the interaction between the g — th
mappings cp\g”:l. At this point, the local interaction between class prototypes and query

set sample feature vectors are defined by R® € R™*" R* € R™*™ respectively.

Next, convolution blocks is used to convolve R¢ € R™*™ R* € R™*™ (convolution
kernel function w € R™ with m x 1 size can be generated adaptively by a meta-learner,
which will be elaborated in Figure 4.5) to change them from vectors to scalars, and a
Softmax function limits them keep numbers aj(the interactive attention coefficient, which

represents the interaction between the p — th spatial position of class feature mapping

!/ |m
qlg=1

attention coefficient, which represents the interaction between the ¢ — th spatial position of

¢, and all spatial position of query sample feature mappings « ),ay (the interactive
query sample feature mapping 3:; and all spatial position of class feature mappings cp|;”:1)
belonging to (0,1) (shown as Eq.4.4.4 and Eq.4.4.5). The feature vector of the i —th(where
i € (1,N)) support set class with interactive attention coefficient in the p — th(where
p € (1,m)) spatial poaition is recorded as a,C;, and the sample feature vector of the
j — th(where j € (1,q)) query set sample in the g — th(where ¢ € (1,m)) with interactive

attention coefficient is recorded as ag fg(;).
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Figure 4.5: Overview of the network structure of the interactive attention extraction

module.

al o exp(—2L) (4.4.4)

b t

where p € (1,...,m) and t represent a temperature hyperparameter which be set to
0.025 in this research.

wTr

t

T
q

a? o exp( ) (4.4.5)

q

where ¢ € (1,...,m) and t represent a temperature hyperparameter which be set to
0.025 in this research.

We add the vectors C; and fs(x;) which containing historical information and the
vectors a,C; and ag fy(7;) which containing interactive attention, respectively, to generate
the target unbiased support set class feature vectors (1 + a]‘;)Ci and the target unbiased
query set sample feature vectors (1 + af)fs(z;). In brief, the former of (1 + a;)C; and
(1+ag) f(z;) represent the feature vectors containing prior knowledge, and the latter of (1+
a,)Ci and (1 + ag) fy(z7) represent the feature vectors related to the current classification
target. We denote class prototype C; weighted by (1 + aj) and query set sample feature
map fg(r;) weighted by (1+ag) as C; and fs(z;), respectively. Up to now, target unbiased
feature mappings C; and fg(x;) are acquired, which are more suitable for classifying unseen

targets.

Two convolutional blocks have been used to obtain the interactive attention mappings
R¢ and R* (the internal structure of the convolution block is shown in Figure 4.5), and in
order to acquire the interactive attention coefficients a;, and ag, first a convolutional block
has been utilized to map R and R® to a low-dimensional feature space, and then use a
softmax function to limit them among (0,1). For the sake of generating convolution kernel

adaptively according to the interactive attention mappings R and R”*, we first average
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pool them globally, and map them to the low-dimensional space through the convolution
block, and then output the convolution kernel w € R™ by the activation function ReLu.
Furthermore, so as to gain the target unbiased feature mappings C; and f¢(xj), matrix
multiplication operations are used to multiply matrix C; and matrix aj, as well as matrix

fo(x;) and matrix ay, and then add operations are let them combine with original feature
vectors C; and fg(x;), respectively. The network structure of the interactive attention

extraction module is shown in Figure 4.5.

Graph classification module: In order to improve the accuracy of a classification
and finally complete the classification of unknown label samples in the query set at the
graph level, graph neural networks are used to fully mine the relationship between support
set categories and query set samples. The graph neural network is a graph model composed
of nodes and edges. We make the target unbiased category prototype C; and the target
unbiased query set sample feature vector f¢(xj) in the query set concatenate with the
one-hot encoding of the label, and regard it as the node of the graph structure and express
it as V = (vy1,...,v,), where z = N + ¢, and N is the number of classes of support set,
and ¢ is the number of samples in the query set. The weight of each edge represents
the similarity between the query set sample and the query set category. The process
of obtaining adjacency matrix A from target unbiased feature vector v; and v;, where
i,j = 1,..., 2, is shown in Eq.4.4.6, where each element A;; of the adjacency matrix is
processed by the absolute difference between the class center feature vector and query set

sample feature vector by multilayer neural network.

A = MLP(abs(v)” — o)) (4.4.6)

where [ represents the [ — th layer network.

The graph classification module is composed of multiple graph networks. A graph
neural network module is made up of an adjacency matrix (weight) update module that
changes the graph model structure and a node feature update (graph convolution) module
that does not change the graph model structure. Where the weight update module consists
of 5 fully connected layers, their function is to make similar nodes closer, and in the last
graph neural network module, its output represents the similarity between the query set

sample and the support set category.

The graph convolution module consists of graph convolution layer, batch normalisation
layer, Leaky ReLU activation function layer and a cascade operation layer. Its function
is to utilise the adjacency matrix and node feature vectors of the last layer network to
update the node feature vectors of this layer so that it contains global information, which
is beneficial to the classification operation. Its visualisation diagram is shown in Figure
4.6.
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Figure 4.6: Overview of the network structure of the graph classification module.
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Training method: When performing few-shot classification, the model is optimised
by minimizing the cross-entropy loss (Eq.4.4.7). Under semi-supervised learning and trans-
ductive inference settings, the training process is similar to the few-shot learning process

except that the sample label is represented by its K-simplex uniform distribution.

L(fo(5),Y) = = YilogP(y; = Yi|T) (4.4.7)
k

where y; is the prediction label of the query set sample x;.

4.5 Experiments

To validate the efficacy and advancement of our meta-learning method, comprehensive ex-
periments were conducted across three benchmark datasets: Omniglot, MinilmageNet, and
TieredlmageNet. Evaluation encompassed multiple few-shot learning paradigms, including
supervised classification, semi-supervised classification, and transductive inference. Em-
pirical results demonstrate that our approach consistently achieves statistically significant

improvements over state-of-the-art baselines across all experimental settings.

4.5.1 Datasets

Omniglot contains 1623 different handwritten characters from 50 different letters. Each
character is drawn online by 20 different people. In other words, there are 1623 categories,
but only 20 images per category in Omniglot. The dataset has been split into 1200 classes
for training and the remaining 423 for testing[126].

MinilmageNet is taken from ImageNet, including 100 categories, each category con-
tains 600 sample data. Among them, 64 category data are used as the training set, 16

category data as verification set and 20 category data as the testing set[119].

TieredImageNet with Minilmagenet, is a subset of ILSVRC-12, yet Tieredlma-
geNet represents a larger subset of ILSVRC-12 with 608 classes. As Omniglot groups char-
acters into letters, TieredlmageNet classifies categories into broader classes corresponding
to higher-level nodes in the ImageNet hierarchy. There are 34 large classes, each containing
10 to 30 categories. These are divided into 20 training sessions, 6 validation sessions and

8 testing sessions[130].
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4.5.2 Baselines

To situate our approach within the current research landscape and establish a rigorous com-

parative framework, we evaluate against several representative meta-learning paradigms:

Matching Net : it is based on cosine distance and proposed by Vinyals O et al.,
which is innovatively implemented in the form of matching, where few-shot classification
task maps the feature information of the sample to a higher-dimensional and more abstract

feature space[131].

Proto Net: it is based on squared Euclidean distance and proposed by Snell, J. et
al., which uses squared Fuclidean distance as the distance measurement method, instead
of the commonly used cosine distance, and utilizes the episode mini-batch gradient descent

training method to make the samples with more categories can be used during training[115].

Relation Net : it is based on the neural network and proposed by Sung, F. et al.,
which learned a learnable non-linear similarity measurement method for few-shot or even

one-shot learning tasks[112].

GNN]J[132] and EGNN|[133]: in order to prove the advanced nature of our feature
extraction module, we compared the GNN based on the non-Euclidean domain proposed
by Garcia V et al. and the EGNN proposed by Jongmin Kim et al.; they provided an
algorithm that uses GNN to solve few-shot learning, and utilises graph model to calculate

the relationship between images.

TPN: it proposes a few-shot learning algorithm with transductive propagation net-
work(TPN), which motivation is that our common supervised learning methods consider
separately the training set with a sample label and the test set without sample label, which
causes poor generalisation. While transductive learning is to input the labelled training
set and the unlabeled test set into the network for training, and then predict the results of
this part of the test set[134].

4.5.3 Parameter settings

Data preprocessing: aiming to verify the feasibility of the implementation on three
datasets, we set the number of novel categories as five(N = 5), and the number of training
examples per novel category as one(K = 1) or five(K = 5), that is to say, there has only one
or five labelled samples of each class in the support set of meta-training and meta-testing
tasks. At the same time, we set the number of testing examples for per novel category when
training as six, and the number of testing examples for per novel category when testing as
fifteen.

Implementation details: to verify the accuracy of the implementation on three
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datasets, 5-way 1-shot and 5-way 5-shot experiments will be conducted. We fix the values
of episodes per epoch when training as 5000, 1200 and 13980, for Omniglot, Minilma-
geNet and TieredlmageNet respectively. And we set the number of episodes per epoch
when testing as 2000 for the three datasets. A Stochastic Gradient Descent is used to
optimize the model, where the initial learning rate is set as 0.1 and weight decay is set as
5 x 10~%; Meanwhile, the momentum of the optimization algorithm is set as 0.9; Batch
size for training and testing is set as 4 and 8 respectively. All experiments in this research
are accelerated training on two NVIDIA GTX 1080TiGPUs, using Pytorch programming
language to train and test in Ubuntu 16.04 environment and the other settings of models

are the same as the implementation of their original papers.

4.5.4 Experimental Results

Table 4.1: Few-shot classification results of 5-way(%)

Datesets MinilmageNet TieredlmageNet

Methods Taxonomy Trans.  1-shot 5-shot 1-shot 5-shot

Matching NetImage-level N  48.7240.26 55.33+1.85 63.41+0.78 66.4740.18
Matching NetImage-level 'Y  49.214+0.32 62.74+0.37 66.85+1.84 69.5740.59
Proto Net  Image-level N  55.71+£0.78 65.674+0.58 71.37+0.96 70.98+0.63
Proto Net  Image-level Y 65.77+0.85 66.41+0.70 72.64+0.77 73.30+0.71
Relation Net Image-level N  60.2940.86 63.11£0.66 73.21+£0.99 74.0340.36
Relation Net Image-level Y  63.14£0.21 63.854+0.69 74.19+0.28 75.31£0.88
GNN Node-level N  64.02+0.52 65.9940.67 74.82+0.36 75.8340.42
GNN Node-level 'Y  65.8840.27 67.07+0.75 75.32+£0.70 76.5840.86
Meta-GNN  Node-level N  66.41+0.28 66.19+0.76 77.02+0.92 78.1540.63
Meta-GNN  Node-level 'Y 67.97+£1.81 69.434+0.74 77.33+0.71 80.23£0.01
TPN Node-level 'Y  64.53+0.93 67.86+1.19 74.85+0.92 78.41+0.21
Our method Node-level N  71.94+0.94 73.16+£0.61 78.094+0.51 82.93+0.63
Our method Node-level Y 73.72+£0.9576.37+0.6278.63+0.6384.23+0.66

Few-shot learning: With respect to MinilmageNet and TieredlmageNet datasets, we
conduct 5-way classification tasks. In addition, we set the number of labelled samples per
class between 1 and 5 (K = 1 and K = 5). Table 1 indicates that our target unbiased
meta-learning method immensely outperforms the contrastive methods. Furthermore, the
preponderance of transductive inference is capable of being predicted by labelled samples,
and able to find clusters by using the information of unlabelled test samples, further clas-
sifying them more effectively. To achieve the best generalisation ability on these data, we

add transductive settings (Y) and compare its results with inductive settings (N). The
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experimental results show that assuming unlabelled data being equivalent to the data to
be tested (transductive) has an advantage over simply training labelled samples (induc-
tive), with accuracy improving by at least 0.54% (78.09% VS 78.63%) in the 5-way 1-shot
setting and 1.30% (82.93% VS 84.23%) in the 5-way 5-shot setting. Our method belongs
to the category of metric learning. In order to prove the advancement of the classification
module, we first compare the matching network based on the cosine distance proposed
by Vinyals O et al.. And the accuracy of our method outperforms it under both 5-way
1-shot settings and 5-way 5-shot settings. Secondly, we compare the prototype network
based on the squared Euclidean distance proposed by Snell, J. et al.. From Table 4.1 we
can observe that our method outperforms it by at least 4.96% (68.20% VS 73.16%) under
the 5-way 1-shot and the 5-way 5-shot settings. Then, we compare our method to the
neural network-based relational network proposed by Sung, F. et al., and find that our
work improves accuracy significantly. Furthermore, in order to prove the advanced nature
of our feature extraction module, we compare our method with the GNN based on the non-
Euclidean domain proposed by Garcia V et al. and the EGNN proposed by Jongmin Kim
et al., and the accuracy of our method improved by at least 7.40% (63.54% VS 71.94%)
under the 5-way 1-shot settings, and it is no worse than EGNN, in addition to improving
at most 4.08% (80.15% VS 84.23%) under the 5-way 5-shot settings with the help of the
interactive attention extraction module. Moreover, in the case of the same setting of trans-
ductive inference, since our method introduces the interactive attention extraction module,
the accuracy rate is improved by at least 6.94% (69.43% VS 76.37%) under 5-way 1-shot
and 5-way H-shot settings.

Semi-supervised learning: It is introduced to utilise a mass of label-free samples,
to obtain valuable information from the data, and to deal with the problem of the poor
generalisation ability of supervised learning as well as inaccurate of unsupervised learning.
We performed 5-way 5-shot semi-supervised learning experiments on two datasets, namely
MinilmageNet and TieredlmageNet. As shown in Table 4.2, diverse results are acquired,
merely with labelled samples(Supervised, which be defined in the table as S) and with la-
belled as well as unlabeled samples(Semi-supervised, which be defined in the table as SS),
by setting the proportion of labelled data to 20%, 40%, 60%, 100%. Results attest that our
method can also achieve good performance with fewer labelled samples, and the accuracy
is improved by at least 1.74% (61.88% VS 63.62%), 1.8% (62.52% VS 64.32%) and 4.32%
(65.53% VS 69.85%) in the 20%, 40% and 60% settings in Minilmagenet. Simultaneously,
at least 4.04% (65.76% VS 69.80%), 2.61% (69.32% VS 71.93%) and 2.98% (69.36% VS
72.34%) in the 20%, 40% and 60% settings in TieredlmageNet. In addition, with the in-
crease of labelled samples, the classification accuracy of various methods remains gradually

improved.
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Table 4.2: Semi-supervised results of 5-way 5-shot setting(%)

Datesets MinilmageNet
Methods Class 20% 40% 60% 100%
GNN S 50.33£0.81 56.91+0.64  61.02+0.28  66.41+0.53
GNN SS 52.45+0.45  58.76+0.52  64.92+0.57  68.30+£0.54
Meta-GNN S 52.86+0.14  59.344+0.29  65.14+0.88  66.85+0.85
Meta-GNN SS 61.884+0.25  62.52+0.18  65.53£0.01  68.934+0.74
TPN SS 57.62+0.68  60.324+0.84  64.36+1.12  68.29+0.62
Our method S 59.18+£0.21  62.984+1.01 69.85+0.46 74.37£0.25
Our method SS  63.62+0.71 64.324+0.24 68.474+0.59 76.54+0.89
TieredlmageNet
GNN S 51.36£0.25  55.524+0.85  66.29+0.26  71.83£0.99
GNN SS 54.45+0.81 56.68+0.26  64.1840.36  73.58+0.46
Meta-GNN S 59.91+£0.42  68.31+0.68  69.36+£0.57  80.95+0.23
Meta-GNN SS 65.76+0.62  69.32+0.49  70.80+£0.94  82.2940.74
TPN SS 61.524+0.87  64.32+0.53  69.52+0.57  77.4540.62
Our method S 66.41+0.14  71.12+0.72  72.34£0.64  82.5340.41

Our method SS  69.80+0.31 71.93+0.56 74.56+0.33 84.36+0.54

4.5.5 Ablation Experiments

The primary objective of ablation experiments is causal attribution analysis. In this study,
we conduct multi-dimensional ablation studies to rigorously isolate the contributions of
our proposed components. The analysis of the interactive attention extraction module is
essential, as this core innovation directly addresses the critical challenge of ”target bias” in
meta-learning. Evaluating the impact of intra-class sample quantity assesses the model’s
robustness under extreme data scarcity inherent to few-shot learning paradigms. Investi-
gating the effect of inter-class task volume tests the scalability of meta-knowledge transfer
across diverse task distributions. Finally, varying the network architecture decouples the
contribution of the backbone network from the novel module, ensuring performance gains
are correctly attributed to our methodological innovation rather than architectural advan-

tages.

Impact of the interactive attention extraction module: to demonstrate the effec-
tiveness of the interactive attention extraction module, we visualise the feature mappings of
our target unbiased meta-learning method(TUML), squared Euclidean distance-based pro-
totype network(Proto), graph models-based graph neural network(GNN), and TPN using
transductive inference instead of inductive inference when training graph neural networks,

and the results are shown in Figure 4.7. What remains obvious is that when the targets

57



Chapter 4 58

= —
Person ! o 2 it Support set
‘ 4 \?*“3, PP
Person+ Query set
Bananas § Support set
Bananas+ Query set
Woollies Support set
Meta . O-Way
-task 1-shot
Woodlliess+ Query set
Pears Support set
Pears+ Query set
Y Wy S, P
Pears+ Query set
- -

Figure 4.7: The feature mapping visualization of different methods

in the sample are chaotic, for example, the current classification targets woollies are mixed
with the target cat already seen during training, the baseline methods cannot accurately
identify the target domain, and our method can roughly locate the location of woollies.
When the target distribution in the sample is relatively clear, the traditional meta-learning
methods can identify the target domain, but they are susceptible to interference from the
targets that have been seen, and cannot accurately locate the current classification target.
For example, when there are existing current classification target bananas as well as tar-
get grapes that have been seen in the training process, due to the different classification
targets of tasks are not considered, the feature extraction models of baselines are easy to
be interfered with by grapes, and our method can accurately locate the target domain
by introducing the feature extraction module, which is capable to eliminate the grapes

interference and achieve target unbiased.

Impact of the number of samples per class(K): we quantify how influential it is
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Figure 4.8: Plots of testing accuracy for different number of ways

to add the number of labelled samples per class on the Omniglot. We make K a number
between (0, 10), and fix N to be 5. As expected, this change is often beneficial, both for our
method and for baselines. From Figure 4.8, it can be seen that the difficulty degrades as
the shot increases, and more examples per class indeed make it easier to correctly classify

that class.

Impact of the number of classes per task(N): to examine the effect of N on test
accuracy, we alter the value of N on the Omniglot by taking the integer between (0, 20),
and fix K to be 5. What proves evident is that our method is always superior to baseline
methods. As illustrated in Figure 4.8, with the increase of N, the prediction accuracy
of various methods has decreased, which is due to the incremental number of categories,

increasing the difficulty of classification, and thus the accuracy of classification decreases.

Impact of the network structure: For further demonstration of the superiority of
our approach, we performed ablation experiments of the network structure on the dataset
TieredlmageNet, the result as shown in Figure 4.9. where P, I and G represent the proto-
type network, the interactive attention extraction module, the graph classification module,
respectively. First of all, we use ResNet12 to extract features and then classify them by
square Euclidean distance. The accuracy of the prototype network is compared with the
method of adding an interactive attention extraction module, the results certify that the
addition of interactive attention extraction module improves the performance of the model
by 4.31% (66.20% VS 70.51%) and 5.27% (69.32% VS 74.59%) corresponding to 1-shot
and 5-shot settings. Last but not least, employing graph neural network as a classifica-
tion module, the accuracy is able to be improved from 70.51% and 74.59% to 79.61% and
81.33%, under 1-shot and 5-shot settings, respectively.

Complexity analysis: we measure the number of parameters and time complexities

for several comparisons on MinilmageNet, and the results are shown in Table 4.3. We
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Figure 4.9: Histogram of testing accuracy for different network structures

evaluate the average time for a task with 15 query samples per class under 5-way 1-shot
and 5-way 5-shot settings on the environment of the NVIDIA GTX 1080Ti GPU. Table 4.3
indicates that there are almost no additional parameters and the time consumption of our
method is quite comparable. Specifically speaking, the parameters of the target unbiased
feature extraction module are mainly on meta-learner, which aims to train kernel function
w and the average time consumption of this module is T(h?w?c), where h, w, c represents
the height of the feature map, the width of the feature map and the number of channels,
respectively. From the above discussions, we have known that time consumption is related
to the size of the feature map, so we inserted the attention extraction module after the last
convolutional layer. Our method shows comparable time consumption against baselines,

where the computational overhead is tiny under both inductive and transductive settings.

Table 4.3: Comparisons of the number of parameters and time complexity

Time(sec.)
Methods  Trans.Parameters 1-shot 5-shot
Proto Net N  823296K 0.96 1.25
Proto Net Y 8232.96K 0.97 1.26
Our method N  8232.96K 1.72 2.02
Our method Y  8232.96K 1.93 2.25

4.6 Conclusion
The interactive attention extraction module based on the traditional feature extraction

method has been developed in this research, which reduces the effect of the bias of the

trained model to the target, therefore solving the problem of few-shot classification through
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meta-learning. Then the graph neural network has been utilised as a classification module
to fully excavate the relationship between feature vectors and complete the classification
at the node level while improving the accuracy of classification. Experimental results show
that the proposed method has a more outstanding performance than most traditional
methods of few-shot classification. In future work, the proposed model will be ulteriorly
extended to the tasks of zero-shot node classification and few-shot graph-level classification

problems, as well as the field of text and video classification tasks.
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BAS Optimised ELM for KUKA

iiwa Robot Learning

This chapter is based on our published paper “BAS Optimised ELM for KUKA iiwa Robot

Learning”.

5.1 Introduction

The field of brief with respect to machine learning attracted great attention during the
past decade. Machine learning has been used in many fields, such as autopilot filtering
system of email, the recommendation system of e-shopping, handwriting recognition in the
post office and the automatic driving system of the vehicle. The brief value of machine
learning has attracted a growing number of institutions, companies as well as researchers
devoting themselves into the field. In 2010, Google announced its driverless car project
and released a video featuring Steve Mahan, an employee who has lost 95% of his vision,
safely navigating a 12-mile route with the car’s assistance[135]. An essential method ap-
plied in numerous domains is the Extreme Learning Machine (ELM), which is derived
from single-hidden-layer feedforward neural networks and contributes to advancements in
autonomous driving technology[136]. Hence, a growing number of researchers focus on
Extreme Learning Machines in-depth and extensive brief. Ding et al. proposed the opti-
mization Extreme Learning Machine (OM-ELM) method of the SMO, however, owing to
the large data set optimal parameters C, the algorithm requires more iterations to converge
to the optimal solution of the optimisation problem[137]. Huang and Chen, describe the
enhanced incremental Extreme Learning Machine (EI-ELM) and convex incremental Ex-
treme Learning Machine (Cl- ELM)[138]. Rong et al. describe learning machine algorithms

based on fuzzy limits[139]. Li et al. proposed a comprehensive complex Extreme Learn-
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ing Machine (FC-ELM)[140]. A brief team also describes a wind power pre-side model of
wavelet decomposition and an Extreme Learning Machine to verify that this method has
higher prediction accuracy[141]. A scientist added a class classification of neurons to form
a new network structure in the fermentation process of Nosiheptide, in order to realise
a better line estimation [142]. However, using the traditional ELM model alone to make

predictions often has limitations in terms of prediction accuracy.

In recent years, intelligent algorithms such as neural networks, genetic algorithms (GA)
and particle swarm optimisation were applied to solve the aforementioned optimisation
problems. neural networks have the capabilities of adaptive learning, which can deal with
parallel distributed processing. GA is often combined with polynomial interpolation for
robot motion planning tasks, with a low risk of falling into local optimal solutions[143].
However, GA is with complex proceedings which need to go through the encoding, de-
coding, selection, crossover and mutation processes. This causes its operation time to be
difficult to guarantee at all times. The particle swarm optimisation algorithm has a simple
structure and its parameters are easy to adjust. Compared to GAs, particle swarm opti-
misation does not need to be performed for convex problems and the optimal solution can
be found with faster convergence[144]. However, the particle swarm optimisation needs
to randomly generate plenty of particles when the next populations are generated, which
decreases the convergence rate. To break through the above-mentioned limits, BAS was
selected to perform the optimization of ELM in this brief, which is a new type of compu-
tational intelligence algorithm developed in[145]. The main contribution of this research is
investigating an ELM model to output angle values while inputting the endpoint position
in Cartesian space for robot control, which is much faster while learning than traditional
artificial neural network models and can be used to replace the complicated kinematics
calculation; developing a strategy to create home-made dataset of joint values-endpoint
positions; employing BAS algorithm to optimize the initial parameters of ELM to maxi-

mum the learning accuracy.

5.2 Dataset Acquisition

In this brief, the endpoint position was directly collected using Kinect SDK 2.0. Kinect
v2 produced by Microsoft, is an RGB-D device, which can capture depth, colour, and
IR images (also sound). Using the SDK, captured colour and depth information can be
consolidated (transformed) into real-world coordinates, called Camera Space; these coor-
dinates are referenced to the centre of the depth sensor[146]. Skeletal tracking can also be
achieved with the use of the Kinect 2.0 SDK. Both the colour image, and depth image are
transformed into a common frame, the origin of which is located at the centre of the depth

camera, called Camera space; the coordinate system of this space follows a right-handed

63



Chapter 5 64

convention.

Figure 5.1: Schematic diagram of global coordinate system, local coordinate system and

MYO Armband coordinate system.

By calculating the joint angles of the human arm joints to capture the operator’s arm
posture, the control of the remote mechanical arm is realized. The human arm includes 7
degrees of freedom (DoF's), among which, the shoulder joint has 3 DoF's, the elbow joint
has 2 DoF's, and the wrist joint has 2 DoFs. It is assumed that the shoulder and elbow
joints of the human arm are 5 DoF's chain manipulators. The modelling method of the
upper limb using the standard DH parameter can be found from our previous brief[146].
In order to calculate the joint angles of the operator’s elbow and shoulder joints (shown in
Figure 5.1), the operator will wear a pair of MYO Armbands on the upper arm and lower
arm, and define the global coordinate system (xg4,yq, 29), where: Z axis is up, Y-axis is

forward, X is perpendicular to Z-axis and Y-axis, pointing to the human body.

On the upper and lower arms of the human body, separate coordinate systems are
established to describe the spatial posture of the arms. The coordinate system (., Yy, 2 18
established on the upper arm coordinate system, and (z;,y;, ;) is the lower arm coordinate
system. We assume that initially, the upper frame and the lower arm frame coincide with

the global frame. Define the initial posture of the upper arm and lower arm as[147]:

ngl = [xlgl y;z Z;IL RZU = [x;u y;u Z;u] (5.2.1)
where R represents the rotation matrix, the superscript ¢ represents the initial position,

the subscript g represents the global coordinate system, and u and [ represent the co-

ordinate system of the upper arm and the lower arm, respectively. The rotation matrix
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Rap = [rAB,YyAB, z4aB] represents the spatial posture of the coordinate system A in the
coordinate system B. The vectors xap, yap and z4p represent the position description of
the coordinate axis of the coordinate system B in the coordinate system A. The posture
of the operator’s upper arm in the coordinate system of the first MYO Armband (worn on
the upper arm) and the lower arm in the coordinate system of the second MYO Armband

(worn on the lower arm) can be expressed as:

. T , S

%]u = ( ;U) Rzua ZLl = (R;L) R:ﬁ]l (5-2'2)
where the subscript U represents the coordinate system of the MYO Armband worn on the
upper arm, and the subscript L represents the coordinate system of the MYO Armband
worn on the lower arm. When the operator moves the arm to a new position, the posture
of the operator’s upper arm and lower arm relative to the global coordinate system can be

expressed as[147]:

T pi T pi
Ry, = (Ryy)" Ry, Ry = (Ry)" Ry (5.2.3)
where the superscript n represents the new posture reached by the operator’s arm.

If we first rotate a coordinate system around the X-axis of a second known coincident
coordinate system by an angle of v, then rotate around the Y-axis by an angle of 3, and
finally rotate the coordinate system by an angle of o around the Z-axis, the rotation angles
v, B, and « are defined as the roll, pitch, and yaw angles, respectively. Therefore, the

rotation matrix can be written as(c for cos, s for sin):

cacl casfsy — sacy casfcy+ sasy
RZU = |sacf sasfsy+ cacy sasPey — casy (5.2.4)
—sp cBsvy cBey

Using the MYO'’s gyroscope, we can obtain a quaternion (¢ = xi + yj + zk + w, where
the (z,y, z) is a vector and w is a scalar quantity) at the configuration with respect to the
corresponding posture, which can be used to calculate Ry, . From the rotation matrix of
the upper arm MYO Armband coordinate system, the three joint angles of the shoulder

joint can be calculated as:

a = atan2(2(yz — wz)/sB, 2(wy + x2)/sf) (5.2.5)
[ = atan2 (\/4(952 —wy)? + 4(wz + y2)2,1 - 2(2* + y2)> (5.2.6)
v = atan2(2(xz — wy)/sp, —2(wzx + yz)/sB) (5.2.7)
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Let us define r;; as one element of Ry, , and a;; as one element of R, , which can
be obtained by the MYQ’s gyroscope. The two joint angles of the elbow joint can be
calculated through the MYO Armband worn on the lower arm:

d = arccos(a12m13 + a2r23 + asarss) (5.2.8)

€ = arccos(a11711 + a21721 + az1731) (5.2.9)

5.3 ELM Learning Model Design Methodology

In 2006, Professor Huang at Nanyang Technological University proposed limits of learning
feedforward neural networks and introduced the basic principles of ELM[137]. Compared
with BP Algorithm and SVM, ELM has several salient features: no parameters need to
be manually tuned; most training can be completed in milliseconds; it could obtain better

generalisation performance than BP in most cases[148].

ELM is a neural network with only one hidden layer, which can be obtained through
offline training, wherein the weights inputted from the input layer to the hidden layer and
the bias system can be randomly initialized, and the value between the hidden layer and
output layer is required in order to adjust the output of the system to minimize the target
error. If the endpoint position data obtained from the Kinect sensor is inputted as x, then

the L number of hidden nodes with output functions can be expressed as:
L L
fo(@) = Bigix) =Y BiG(x,a;,b;) (5.3.1)
i=1 i=1

where a; € C¢, z; € C%, b; € C, B; € C, and g;(z) is the activation function, f3; is the
output weights, a; is the input weights, and b; is the input bias.

Given N training samples, the output with L hidden nodes for the learning machine is:

L
fl@) =" BiG(ai, bi,x) = B - h(x) (5.3.2)
i=1

where h(z) is the output vector of the hidden layer, and the hidden layer node parameters
(ai,bi) (i = 1,2,...,L) are initialized by the Beetle Antennae Search (BAS) algorithm,

which is able to connect the i-th hidden node with the output nodes via learning weights
Bi.

By analysing, the matrix representation of the linear system is as follows:

H-B=T (5.3.3)
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where H is the hidden layer output matrix, and 7" represents the target output.

Then we have:

B=|: =|: (5.3.4)

According to the input x;, the hidden layer output matrix H, where the i-th row
represents the hidden layer output vector. Based on the values of all the inputs (z1,...,2x),
the output values of the i-th column represent the i-th hidden node. Hence, we can obtain

the least squares solution of the linear systems:

|H-B—T|:mﬁin\H-ﬁ—T| (5.3.5)
where
G(al,bl,xl) G(GL,bL,.%'l)
H(ay,...,ap;b1,...,bp;xy,...,xN) = : : (5.3.6)
G(a1,b1,zny) ... G(ap,bp,zp) NoL

is the output of the hidden layer nodes. Then, we can calculate the output weights as:

B=HT (5.3.7)
where H' is the generalized pseudo-inverse Jacobian matrix of H, and the least squares

solution of minimum norm f is unique, designed to minimize the training error.

Considering that ELM is based on supervised learning, in this brief, the endpoint
positions collected from Kinect are used as the input of the ELM, while the angular joint
values measured from the MYO Armband are used as output to train the ELM model.
Once the training has been completed with a satisfactory accuracy rate, the model will be
able to directly load and estimate a series of joint angles by giving the endpoint position
data.

5.4 BAS Optimisation of the Initial Learning Weights and

Bias

In this brief, BAS algorithm is employed to optimise the ELM model by finding a series
of the most optimised parameter sets of learning weights and bias. BAS is an intelligent
optimisation algorithm developed in 2017, inspired by the principle of beetle foraging[149].
Since the process of network learning and training is to adjust the learning weights and bias

of each layer, the essence of network training is to continuously adjust the weights and bias.
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The initial weights and bias are randomly generated, which have a great impact on network
performance. Therefore, the optimisation of ELM mainly focuses on using optimisation
algorithms to adjust the weights and bias. Using the optimised weight threshold for network
training can greatly improve the fit of the network and reduce the error. The specific

method is as follows:

1. Establish a random vector of the heading of the beetle and normalise it:

rands(k, 1)

"= Jrands(k, 1)] (5.41)
where rands() is a random function, and k represents the spatial dimension. Assuming
that the model structure is N — L — [, N is the number of nodes in the input layer,
L is the number of nodes in the hidden layer, and [ is the number of nodes in the
output layer, the dimensional formula of the search space of the beetle antennae

search algorithm is: k= N x L+ L x|+ L+ [. In this brief, k is 255.

2. Create the spatial coordinates of the left and right whiskers of the beetle:

-

b
;=3 —do X g (5.4.2)

where z,; is the position coordinate of the beetle at the ¢-th iteration of the right

Tt = Xy + do X

N | Sy

whisker, xj; is the position coordinate of the beetle at the t-th iteration of the left
whisker, z; is the centroid coordinate of the beetle at the ¢-th iteration, and dy is the

distance between the two whiskers.

3. Judging the odour intensity of the left and right whiskers according to the fitness
function, that is, the intensity of f(zy) and f(z,¢), where f is the fitness function.

This brief uses the mean square error (MSE) of the test data as the fitness function.
4. Tteratively update the location of the beetle:

Teyr = 3y — 0 x b x sign(f(zy) — f(are)) (5.4.3)

where 0, is the step factor of the t-th iteration, and sign() is the sign function. The
step factor in BAS is set to decrease linearly over iterations. First, determine the
initial step size 9 = 1, the number of iterations n = 100, and the attenuation

coefficient 7 is a number close to 1, between [0, 1].

The formula is:
5

57& = 51/,1 Xn, n= 1—-— (544)

n
5. Initialisation of the beetle’s position. Select a random number between [—1,1] as the
initial position of the beetle, and save this initial position as Variablel. Solve the
fitness function value corresponding to the left and right sides of the beetle in the

initial position, and save it in Variable2.
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6. After calculating the positions of the left and right whiskers according to (2), the
fitness function values corresponding to the left and right whiskers are calculated
respectively. After comparing the values, update the positions of the beetles according
to (4), i.e., adjust the weight and bias, and obtain the fitness function value at the
new position after training ELM. If the function value at this time is smaller, update
Variablel and Variable2.

7. When the MSE function value is lower than 0.1 and no longer decreases, or when the
iteration reaches the maximum number of times (100 iterations), the iteration stops,
and the optimal solution is output. If the condition is not met, return to step 6. The

whole optimisation process is shown in Figure 5.2.

Input training sample data

Learning weights and bias
initialization

A

Training ELM model
l Input testing

sample data

Update left and right

antennas positions of the i
Beetle Update Establish BAS-ELM
l the step misdel
Beetle position update i i
l ‘ Output |
Fitness function
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Figure 5.2: Flowchart of angle joints data generation
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5.5 Experimental Studies

In this section, we conducted a three-step experimental brief to test the effectiveness of
our proposed methodologies. Kinect SDK 2.0 for Windows, Visual Studio 2019, and the
OpenCYV library were used for interaction design. MYO Armband with its SDK was used
for the calculation of arm joints. The experiment environment was an indoor environ-

ment with adequate illumination. Five joints were selected for the experimental studies:

ShoulderPitch, ShoulderRoll, ShoulderYaw, ElbowPitch, and ElbowRoll.

5.5.1 Dataset Generation

The first step of the experiment was generating our own dataset samples, which include
the endpoint positions of the upper limb and the aforementioned five joint angles. To do
this, a human operator wore a pair of MYO armbands on his arm and stood in front of a
table, where a Kinect v2 sensor was placed. The operator smoothly and slowly drew circle
patterns with different radii and positions, and sine curves with different configurations
on the table, respectively. It was significant to synchronise all the devices by setting the
“scissor” posture as the starting signal. When MYO and Kinect detected this posture,
the system began to collect data. The collection frequency of Kinect and MYO was set to
30 Fps. Each time the operator drew a graph of different sizes, it lasted for 10 seconds,
corresponding to 300 sets of data, a total of 10 circles of different sizes and positions, and 10
sine curves of different lengths and small heights, totalling 6000 sets of data. The dataset

was diversified to ensure generalisation for neural networks.

After the dataset generation was completed, a second dataset was required, where only
the endpoint positions were collected. The collection frequency of the Kinect sensor was
set to 15 Fps, and the operator slowly and smoothly drew a circle lasting for 10 seconds.
The output data from this action would be used as the test sample dataset for the ELM

model.

5.5.2 Parameter Optimisation by BAS

The second step was optimising the learning weights and bias of the ELM using the BAS
algorithm. The dataset generated in the previous step was used to train the ELM model,
where the endpoint positions were input samples, and the joint angles were output samples.
In this brief, the number of hidden layer nodes was set to 60. The initial step size of BAS
was set as 30, with 100 iterations, and the attenuation coefficient n was set as 0.8. The
second dataset collected from step 1 was used to compare with the estimated joint values.

The Mean Squared Error(MSE) was employed as the performance index to illustrate the
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efficiency of the ELM model, with and without BAS optimisation, respectively. The overall
principle flowchart of joint angle data generation using BAS-ELM is shown in Figure 5.2.

Angle Values

Test Angle Values

——ShoulderPitch

——ShoulderYaw
ShoulderRoll

| |—ElbowPitch

||~ ElbowRoll

\H‘ A e

LT
it
U

0 50 Frames 100 150
Figure 5.3: Joint angular values of the test sample.
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Figure 5.5: Joint angular values of the predicted sample outputted by ELM only.

The fitting result of the BAS-ELM network prediction model is shown in Fig. 5.3, 5.4
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and 5.5. Comparing the unoptimized network fitting effect in Fig. 5.3 and 5.5, it can be
seen that the curve of the simulated values predicted by the BAS-optimised model is closer
to the true value of the predicted values, as shown in the comparison of Figs. 5.3 and
5.4. The MSE function was used to measure the performance of the ELM model. From
the relative MSE results after optimisation, the average relative error of BAS-ELM was
0.060256, while the average relative error of the ELM network before optimisation was
0.13735. The average relative error of prediction was reduced by 56.1%, indicating that
after adding the BAS optimisation, the ELM model can handle multi-dimensional variable
problems more accurately. Fig. 5.6 shows the best fitness curve of the BAS-ELM model,
that is, the curve of the best fitness function value for each update. From the figure, it
can be seen that the fitness function value reaches 0.1 after 60 generations and does not
decrease anymore, indicating that the optimal solution was found and that the convergence

speed was relatively fast.
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Figure 5.6: Fitting result of the BAS-ELM network prediction model.

5.5.3 Estimated Trajectory Regeneration

The third step was regenerating the trajectory outputted from ELM by a KUKA iiwa
robot manipulator. All the five joint angles outputted by BAS-ELM with respect to Shoul-
derPitch, ShoulderRoll, ShoulderYaw, ElbowPitch, and ElbowRoll were sent to the robot
controller for motion execution. The angles for WristPitch and WristYaw were set as the

robot’s initial constants.
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Figure 5.7:  Snapshots of the KUKA iiwa robot.

Given the performance comparison results, as illustrated in the previous step (56.1%
in error reduction), BAS has shown sufficient superiority over the non-optimized version
in predicting accuracy. Thus, the BAS-ELM strategy was directly used for experimental
validation in the KUKA iiwa robot’s controller. The resolved joint angle data from the
BAS method were sent into the KUKA manipulator’s operating system to perform path
tracking control. The snapshots of the experimental session on the KUKA manipulator
are shown in Fig. 5.7, and its tracked path in Cartesian space is shown by Fig. 5.8. From
the results of trajectory regeneration, we can conclude that the proposed method performs

well on a real robotic platform.
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Figure 5.8: The tracked path in Cartesian for drawing the circle under the BAS-ELM
space.

5.6 Conclusion

This brief developed an enhanced learning interface for robotics using ELM and BAS. The
method of calculating the data of each joint angle through the MYO Armband has been
studied, and the collection of arm endpoint’s coordinate data with Kinect v2 sensor has
been completed, thereby establishing a mini dataset including joint angles and endpoint
positions. A BAS-ELM prediction model was proposed, which overcame the difficulty of
selecting the initial learning weights and bias for ELM and greatly improved the prediction
accuracy. Several experiments were conducted and validated the proposed method by
increasing the prediction accuracy with a relative error reduction of 56.1% compared to the
standard ELM without parameter optimisation. The successful running of the trajectory
generation on a real robot platform indicated that when the training sample size is big
enough, the proposed BAS-ELM strategy can be used to replace the kinematics calculations

to map the relationship between the endpoint positions and the relevant joint angles.

Meanwhile, there are still some further tasks needing to be done in future work. One
of the key challenges will be improving the selection of BAS initial step size and solving
the problem of inappropriate convergence. Additionally, further exploration of how the

BAS-ELM model performs in other complex robotic systems will also be crucial.
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A Robot Drawing System Based
on Image Segmentation of Fault

Tolerant Algorithm

This chapter is based on our paper “A Robot Drawing System Based on Image Segmenta-

tion of Fault Tolerant Algorithm” (under review).

6.1 Introduction

Drawing robots hold significant value in industrial production due to their ability to im-
prove production efficiency, ensure product quality, reduce costs, enhance the working
environment, and increase the flexibility and adaptability of production lines[150]. These
robots can operate continuously, minimising downtime associated with manual labour,
which significantly boosts production efficiency. They also utilise precision control systems
to ensure the consistency and uniformity of each spray, thereby improving the product’s
appearance and durability[151]. While the initial investment in drawing robots can be high,
they effectively reduce long-term production costs by minimising material waste and lower-
ing labour expenses[152]. Additionally, drawing robots decrease the exposure of workers to
harmful environments, improving workplace safety and employee health. Modern drawing
robots are highly flexible, quickly adapting to various production tasks and enhancing the

adaptability of production lines[153].

Common spraying technologies employed by drawing robots include air spraying, ultra-
sonic spraying, and electrostatic spraying, each with distinct advantages and disadvantages
depending on the application scenario and coating characteristics[154]. In the automotive

industry, drawing robots are used for car body spraying to ensure uniform and consistent
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coating while increasing production speed and efficiency. In the aerospace and defence sec-
tors, they are employed for drawing aircraft and military equipment, providing high-quality
surface treatment and corrosion protection[151]. Drawing robots are also extensively used
in the production of high-quality consumer electronics, building materials, and household
products[153].

To enhance the practical value of drawing robots and better integrate them with other
industrial applications, this research explores the use of edge detection algorithms to obtain
the contours of images to be drawn. Edge detection technology is widely used in image
processing and is effective for image contour extraction, which is fundamental for drawing
robots[155]. The quality of the image contours obtained directly affects the quality of the
drawn image. At the same time, the combination of robot fault-tolerant algorithm and
robot drawing system can greatly improve its stability and enable it to be more widely
used in the industrial field.

Unlike the real-time droplet edge extraction introduced in Chapter 3, the image edge
extraction of the painting robot has significant differences in core goals and technical re-
quirements, mainly due to the different physical characteristics, time constraints and output
purposes of the application scenarios. The movement or collision process of droplets often
requires high-speed video recording of hundreds to thousands of frames per second. Edge
extraction must be completed within 1 to 10 ms, otherwise the dynamic features will be
lost, so the algorithm needs to be lightweight to achieve faster speeds; the static image pro-
cessing delay requirements of the painting robot edge extraction are low (0.5 to 2 seconds),
and more attention is paid to edge continuity and detail retention. Droplet edge extrac-
tion focuses on the precise coordinates of edge pixels, allowing discontinuities or noise, and
then completing them through fitting curves; the edge extraction of the painting robot
pays more attention to structural integrity and aesthetics. The edges need to be closed

and smooth, and breaks will cause interruptions in the painting lines.

The Canny edge detection operator, a classic tool in image processing, has been ex-
tensively utilised and refined by numerous researchers. The traditional Canny edge detec-
tion algorithm consists of four main steps: Gaussian filtering, gradient calculation, non-
maximum suppression, and double threshold processing[156]. Most improvements to the
algorithm focus on these four areas. Zhang proposed a noise-robust edge detector based on
an automatic anisotropic Gaussian kernel, which addresses the issue of the Canny edge de-
tector potentially missing some cross-edge details[157]. Thirumavalavan et al. introduced
an improved teaching-based robust noise image edge detection algorithm that effectively
reduces broken and jagged edges, resulting in continuous and clear edges[158]. Adamik et
al. took a different approach, using a genetic algorithm to decompose the image into line

segments for vectorisation. This method allows for the creation of detailed and aesthetically
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pleasing pencil drawings using simple line segments[159].

In addition to these image-processing techniques, the integration of drawing robots
with robotic arm fault-tolerant algorithms has been a significant area of research in indus-
trial automation. Robotic arm fault-tolerant algorithms play a crucial role in maintaining
system stability, especially in complex and high-risk environments. These systems are ex-
tensively utilized in production lines, medical surgeries, space exploration, and other fields.
The development of Al, machine learning, deep learning, and digital twin technologies has
significantly enhanced fault-tolerant control techniques[160]. For instance, AI and machine
learning enable more precise fault prediction and diagnosis, thereby improving the system’s

adaptability and fault tolerance[161].

Advanced control methods, such as sliding mode control and neural network control,
are widely implemented in fault-tolerant systems to strengthen the robustness and stability
of robots in uncertain environments[162]. Research indicates that integrating the extended
state observer with computed torque control can effectively mitigate the impact of unknown
inputs on the robot system without relying on speed measurements, thereby achieving high-
precision trajectory tracking[163]. For actuator failures, a fault-tolerant control method
based on visual serving enables precise target tracking through a monocular vision system
and automatically adjusts the control strategy to ensure stable system operation when a
fault occurs[72]. Al technologies, such as deep neural networks and fuzzy logic control, are
employed in active fault-tolerant control for multi-source navigation systems, significantly

enhancing system autonomy and fault-handling capabilities in complex environments[164].

These advancements in edge detection and fault-tolerant algorithms are crucial for the
continued development and application of drawing robots in industrial settings, offering

both improved reliability and efficiency.

6.2 Edge Detection in Optical Imaging

The first part of this section discusses the improved canny edge detection algorithm for
a drawing robot based on a fault-tolerant algorithm, which can obtain clear edges in the
image for the robot to draw. The detection is not stable enough when the traditional edge
detection algorithm is applied to high-speed cameras[97]. Therefore, the second part of
this section proposes a double emulsion droplet detection method based on colour space
and Hough circle transform. It can reach the point directly and has a strong purpose. At

the same time, the detection speed and accuracy can also be guaranteed.

In order to enhance the practical value of the drawing robot and better integrate with
the application of robots in other industries, this research discusses the use of edge detection

algorithms to obtain the image contours that need to be drawn.
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The Canny operator uses a Gaussian filter to perform convolution filtering on the image,
mainly to eliminate noise and reduce the impact on gradient calculation[156]. Gaussian

filter can be expressed as:

1 2?4 y?
G(z,y,0) = 5752 TP (— 552 (6.2.1)

The parameter standard deviation o directly determines the width of the filter and the
smoothness of the image. The o is positively related to the smoothness of the image and

inversely related to the accuracy of the extracted edges.

The standard deviation of the traditional Canny edge detection algorithm is fixed when
processing an image, which may cause the signal-to-noise ratio of the edge detection results
to be small and the extracted edges to be inaccurate[156]. Gémez proposed a method for
adaptively improving the standard deviation. The core idea is to determine the value
range of the Gaussian standard deviation based on the image information and take a series
of standard deviations of different sizes within this range. The information description
structure is used to describe the process of Gaussian smoothing, and the pixels in the
image are encoded based on the description length under different standard deviations.
Finally, the standard deviation corresponding to the information optimisation scheme of
the description length is selected as the adaptive standard deviation[165]. The equation
can be expressed as:

Tbest = argmin% + 62] (6.2.2)

c is a constant term. £? is the local variance after Gaussian smoothing, this value is smaller
in smooth areas of the image and larger at the edges of the image. This allows Gaussian
filtering to be performed on values close to the maximum standard deviation in flat areas to
obtain a smoother image; Gaussian filtering is performed on values close to the minimum
standard deviation in edge areas to obtain more accurate edges. Through experiments, it

can be found that this kind of optimisation can achieve a better signal-to-noise ratio[166].

The classic Canny operator uses the finite difference of adjacent regions of size 2 x 2 to
calculate the value and direction of the image gradient. As shown in equations 6.2.3 and
6.2.4 :

Po(i,j) =T (i,j+1) =T (i, )+ T(i+1,j+1) =T (i +1,5)) /2 (6.2.3)
Py(i,j) = (I(4,§) = TG+1,5)+1(,j+1)—T(i+1,541))/2 (6.2.4)

The gradient magnitude M (i, j) represents the edge strength at a certain point (i, j)

on the image:

M (i,3) =\/P. (,5)° + P, (1,5)’ (6.2.5)
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The gradient direction 6 (i, j) is perpendicular to the edge direction and is the normal
vector of the point (7, ) on the image:
Py (i,5)
0 (i,7) = arctan <y’ 6.2.6
() oy (6.2.6)
Liu extends the regions of size to 3 x 3 to calculate the image gradient, and uses the
Prewitt operator to perform convolution[166]. Wang et al. also chose a 3 x 3 region of size

to calculate the image gradient, but used the Sobel operator[167]. They all chose larger

templates to calculate the gradient of the image for higher accuracy results.

The edge of the image calculated by the gradient is very blurred, and there are many
edge gradient responses. Images are often wide edges composed of multiple pixels, so the

image needs to be further refined to obtain a more accurate image.

Due to the symmetry properties, it can be divided into four categories according to the
non-maximum suppression area. First, determine the direction of the gradient and classify
it. After determining the area to which it belongs, the gradient amplitude of this point is
compared with two adjacent points in the gradient direction. Only when the point is larger

than two adjacent points, it can be determined as an edge point[156].

The classical double threshold processing algorithm theory is to artificially set high and
low thresholds, and then retain all pixels bigger than the high threshold as edge points,
and all points smaller than the low threshold as non-edge points. Points between high
and low thresholds are used as candidate edges. If these pixel points are connected to
the determined edge, these points are also considered edge points; otherwise, they are

considered non-edge points[156].

This method requires the artificial setting of thresholds, which is not only inefficient
but also very difficult to set thresholds with appropriate values for different images, which
greatly affects the performance of the algorithm[168]. Japanese scholar Otsu divided the
image into two parts: background and foreground according to the distribution of gray
values on the image. The segmentation of background and foreground requires a threshold,
and the key point is how to obtain this value. Traverse different thresholds and calculate the
inter-class variance between the corresponding background and foreground under different
thresholds, when it reaches the maximum value, the corresponding threshold at this time
is the required threshold[169].

If the pixel in the image is A x B, f (z,y) is the pixel value of the pixel (z,y), L is the
gray level of the image, then the probability that the pixel value is ¢ is :

p(i) = ﬁ f(%;if (,y) i€ [0,L — 1] (6.2.7)

After selecting a segmentation threshold 7" to divide all pixels in the image into target
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areas and background areas, the probability and number of pixels in each area can be

calculated:

po(H)= > p@i), p(H)= > p(i) (6.2.8)

0<i<H H<i<L-1
ng(H)=AB Y p(i),n (H)=AB >  p(i) (6.2.9)
0<i<H H<:i<L-1

The average pixel value of each area image is:

=Y PO =y el (6.2.10)

oSz Po (H) nmy o pr(H)
Then the average pixel value of the image is:
w=po (H)uo (H)+p1 (H)uy (H) (6.2.11)
Then the optimal threshold for the edge is:
T = ArgMaz |po (H) (uo (H) — u)? + p1 (H) (u1 (H) — u)? (6.2.12)

6.3 A Fault-Tolerant Algorithm for Motion Planning

Fault-tolerant algorithms are designed to maintain normal operation or quickly recover
even in the presence of errors, failures, or anomalies in a system or computational process.
The primary objective of these algorithms is to minimise the impact of errors on the
overall functionality of the system and to ensure its reliability and stability under various
unforeseen conditions, such as hardware failures, network issues, and data errors[162]. This

research uses the algorithm to optimise the working process of the drawing robot.

6.3.1 Failure Causes and Their Determination Methods

After long periods of repetitive operation, redundant manipulators may not operate as
expected due to the sudden failure of joint actuators or unexpected joint locking. These
failures may be caused by mechanical wear, actuator failure, or external impact. In addition
to mechanical failures, some joints may suddenly lose velocity (velocity becomes zero) or
become accidentally locked, resulting in the end effector’s path-tracking task being unable
to continue or accurately complete. In the case of failures caused by some joint-free cases,
their velocity may become arbitrary. Therefore, we can express the mathematical model
of the failure of the i-th joint as 6; (t > ty) for time instant ¢ > ty, Where 0 represents

the velocity of the joint angle and ¢ represents the time when failure occurs. So the joint
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failure can be expressed as follows:

joint failure (6.3.1)

Gjm (t > tfm) =0

represents the time point when the ji, jo...5»th joint fails.

m

Where ty ,ty,..t5,

6.3.2 Solution Algorithm

In this section, Li et al. proposed a robust motion planning strategy and provided its
optimal solution and convergence analysis. When some joints lose their normal motion
ability, the normal motion of the end effector still needs to be guaranteed. In this case,
joint failure can be regarded as a constraint to solve the redundancy resolution. Therefore,

a fault-tolerant redundancy elimination optimisation criterion is proposed:

, subject to JO = vy, 6€Q (6.3.2)

minimize HG

where vy donates the desired velocity vector of the end effector, J represents Jacobian
matrix, and 2 represents the joint velocity fault tolerance set.This formula can minimise
the joint velocity of the robot arm while satisfying specific kinematic constraints and fault

tolerance conditions, thereby reducing kinetic energy and wear.

The primal-dual neural network is well suited to solving this constrained optimisation
problem. It gradually approaches the optimal solution by iteratively updating the joint
velocities and Lagrange multipliers. In each iteration, it adjusts the joint velocities to satisfy
the kinematic constraints and error tolerance conditions while minimising the objective

function[170]. It can be expressed as:

{eu:—u—i—PQ (u—k‘u—Jt)\) (6.3.3)

EA:JiL—vd

where u = 6 means the joint velocity vector; A is the Lagrange multiplier vector used to
handle equality constraints in optimization problems; € is used to adjust the convergence
speed of the dynamic equation, and k is a proportional factor used to control the update

step size of the algorithm. P (+) can be specifically expressed as:

ut, u>ut
Po(u)=< u, uw <u<u" (6.3.4)

U, u<us

where the projection operation of Py (+) ensures that the joint velocity u satisfies the

constraints of the fault-tolerant set €2, that is, the case of joint failure is taken into account.
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The convergence of the optimisation solver has also been proven in our previous work|[171].

Figure 5.1 shows the algorithm’s brief process.

Fault-Tolerant Algorithm for the redundant robotic motion plan

Input:  Jacobian matrix J of the redundant robotic: the expected end-effector
velocity vector vy : parameters €. k : Iteration number n : Lagrange
multipliers A: Initial joint velocity u(0):
Output: Optimized joint speed u : Updated Lagrange multipliers A4
1. Defined the projection function pro_f2

2. for i =n

3. error = u—ku—7J'a

4 u = pro_Q(u— error)
1 A=A+ e(Ju—vy)
6. end

Figure 6.1: Fault-Tolerant Algorithm for the redundant robotic.

6.4 Simulation and Experiment

In this part, the author initially used MATLAB to simulate the robot’s motion trajectory
and obtain data for each joint angle under multiple joint failure scenarios, thereby verifying
the effectiveness of the fault-tolerant algorithm. Subsequently, MATLAB was employed to
facilitate communication with the Kuka LBR iiwa robot, enabling a real-time online process

for image recognition, trajectory planning, and robot drawing.

6.4.1 Simulation verification of Fault-Tolerant Algorithm

The Denavit-Hartenberg parameters of the KUKA LBR iiwa’s joints and links are shown
in Table 6.1. It expresses the correlation between the joints and links of the robot through
the geometric structure of the system. The kinematic model of the KUKA LBR iiwa can
be represented by a transformation matrix that describes the relationship between the base

coordinate system and the end effector:
T(0)=T1(01)T2(02) T3 (03) Ty (04) T5 (05) Ts (0s) T7 (07) (6.4.1)

Equation 6.4.1 can be used to obtain the position and posture of the end effector relative

to the robot base frame.

The robot is programmed to draw a regular octagonal trajectory in the xy-plane. The

initial joint angle of the robot is set to 0y = 0.8 x (g S 5395 % _T“)T, and the convergence

parameter € for the optimization solver is configured to 0.0001. During the simulation, joint
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Table 6.1: The Denavit-Hartenberg (DH) parameters of the Kuka LBR iiwa robot
Link a; (m) «;(rad) di(m)

1 0 T 0.34
2 0 z 0

3 0 z 0.4
4 0 -z 0

5 0 -z 0.4
6 0 z 0

7 0 0 0.126

2 experiences a failure after 6 seconds, and joint 6 fails after 4 seconds. Joint 7 is locked

throughout the process to maintain the stability of the end effector brush.
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Figure 6.2: The joint angle data returned by the MATLAB simulation. Joint 2 fails at
6 seconds, joint 6 fails at 4 seconds, and joint 7 is always locked. All other joints are in

normal working condition.

Figure 6.2 shows the change of the angle of each joint overtime during the robot’s
trajectory under the above constraints. It can be seen that joint 2 fails at 6 seconds, joint
6 fails at 4 seconds, and joint 7 is always locked without any angle change. All other
joints are in normal working condition. Figure 6.3 illustrates the trajectory of the end
effector with a red line, while the blue line represents the projection of the robot onto the
xy-plane. The left image depicts the trajectory generation under normal joint conditions,
whereas the middle image shows the trajectory generation with joint failure. Comparing

these trajectories demonstrates that the scheduled work can still be completed effectively
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even when the joint experiences failure. According to the rightmost image depicting error
variation over time, the deviation between the expected path and the path planned by the

fault-tolerant algorithm remains within 0.17 mm throughout the entire process.

Tow

/////4/{// " / . 0.15

Figure 6.3: The left image shows the motion trajectory when the joint is working properly,
the middle one shows the motion trajectory when the joint fails, and the line graph on the
right shows the error between the expected trajectory and the trajectory obtained by the

fault-tolerant algorithm.

6.4.2 Realisation of Robot Drawing

First, the image edges are extracted using an improved Canny edge detection algorithm.
The extracted coordinates are then used to define the ideal trajectory. In the event of a
joint failure, the fault-tolerant algorithm optimizes the trajectory fitting based on the ideal

path, enabling the robot to follow the trajectory planned by the algorithm.

The snapshot in Figure 6.4 shows that the robot can complete the work well according
to the planned path, and the content drawn is shown in Figure 6.5. Figure 6.5(a) is the
original image to be recognised, Figure 6.5(b) is the path image planned by the fault-
tolerant algorithm, and Figure 6.5(c) is the image drawn by the robot. It can be seen that
the KUKA LBR iiwa robot performed the drawing task very well.

Figure 6.6 illustrates the robot’s ability to draw a regular octagon despite joint failures.
Joint 3 fails at the 60th sample, joint 4 fails at the 80th sample, and joint 7 remains locked
throughout. With ten samples taken per second, the data shows that the robot can still

complete its task, even when unexpected failures occur.
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Figure 6.4: Snapshots of the KUKA LBR iiwa robot drawing a trajectory planned by the

fault-tolerant algorithm.

(@) (b) ()

Figure 6.5: (a) is the original image, (b) is the path image planned by the fault-tolerant
algorithm, and (c) is the image drawn by the robot.
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Figure 6.6: The real joint angle changes of the seven joints collected by the robot when

drawing a regular octagon. The lower right corner is the drawn regular octagon.
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6.5 Results and Discussion

This chapter validated the effectiveness of combining fault-tolerant algorithms with draw-
ing robots through experiments conducted on the KUKA LBR iiwa robot platform. The
experiments simulated mechanical failures typical of industrial environments to assess the
robot’s performance under multi-joint failure conditions. By optimising the redundancy
resolution strategy, the normal movement of the end effector was maintained despite fail-
ures, thereby improving the reliability of the drawing robot. This approach not only en-
hances the robot’s autonomy and adaptability but also expands its potential applications
in industrial automation systems, particularly in scenarios requiring high precision and
continuous operation. The findings offer valuable insights for other robotic applications
that demand high reliability. Future research could focus on developing drawing robots
capable of operating on uneven surfaces, necessitating continuous adjustment of the end
effector’s angle. Additionally, to ensure smooth painting lines, the robot’s force control

system must be engaged, which presents further challenges for fault-tolerant algorithms.
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Development of a Data (Glove
Using Flex Sensors for the Robot

Hand Teleoperation

This chapter is based on our published paper “Development of a low-cost data glove using

flex sensors for the robot hand teleoperation”.

7.1 Introduction

Converting sensor input to program output is the basis of many fields of robotics, from
computer vision to virtual and augmented reality, both commercially and in research. This
project was originally planned to use a real anthropomorphic robotic hand. However,

current circumstances have led to the project being simulation-based.

A data glove is a piece of wearable technology that enables human-machine interaction,
converting real-world movement of the hand into usable sensory data for software. Many
approaches to capturing physical data have been developed over the past 50 years, start-
ing even before the conception of the Sayre glove in 1977, transitioning from optical and
magnetic-based motion capture to a more hands-on wearable form[172]. However, the data
captured is often still used in conjunction with gyroscopic and inertial sensors for tracking
the hand in 3D space.

Its applications can vary from biomedical research, the teleoperation of a system, to
virtual and augmented reality, with different, focuses on precise finger control to more
gesture-based means, allowing for different techniques to be applicable in different scenarios.

This gives more creativity and engineering freedom over the way in which the glove is
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designed to suit its functionality. The core principle of operation between gloves remains
very similar, in that flex sensors are still often placed on the fingers to measure finger

flexion, whilst positional sensors track the whole hand.

This project will explore a variety of different sensors before choosing the most viable
for the task of simple teleoperation. A simulated anthropomorphic hand will be controlled,
with one degree of freedom per finger and each finger containing 3 coupled joints. The
goal is to allow for operation over said hand with both a commercially available glove
and a personally designed glove. By achieving this, the data gloves will prove themselves
as an effective tool for real-world teleoperation, as well as any other suitable task. The
hope is to build on this in the future, so that positional and haptic feedback could be
implemented within the glove, along with more degrees of freedom to allow for increased

tracking precision.

Most data gloves available on the market can cost thousands of pounds, effectively lim-
iting their accessibility to much of their potential target audience. Despite this, completing
this project will demonstrate that the key elements of these systems can be mirrored and

even improved upon for a far cheaper price.

7.2 Requirements and Aims

The project was based around both a robotic hand and a data glove, with more focus on
designing and building a real-world hand. The initial requirements were to create both
glove and hand with one degree of freedom per finger, and then expand on that to give
more degrees of freedom and control for both. These requirements form the basis of the
aims of the project, with each aim representing a milestone towards assembling and testing

the data gloves:

1. An anthropomorphic robotic hand will be modelled in CAD software, then exported
and assembled as a robot within simulation software. Mapping the joint angles and dis-
tances would allow for forward and inverse kinematics to be used to calculate end effector

location from known joint angles, or vice versa.

2. The joint angle data from the previously bought data glove will be used to control
the simulated robotic hand. The data can be transferred over serial or writing to an array

file to allow the simulation to read the joint angles and move to the target position.

3. A data glove will be made to be used in conjunction with the simulation, having
already completed the software design for the operation of the hand. Both gloves can use

a recalibrated version of the same code.
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7.3 Proposed Methodologies

7.3.1 Motion tracking

The initial approach to capturing physical data from the hand was motion tracking in an
enclosed environment. There were predominantly 4 methods employed to track the hands’
position, which later developed into what is used today. Markers placed on the hand in
specific points would be tracked using a set of cameras around the hand, using their relative
positions in space to build a graphic model that can calculate joint angles between each
point. The Massachusetts Institute of Technology(MIT) Light Emitting Diode(LED) glove
used LEDs to capture the motion of just the hand, which was transposed onto the whole
body afterwards for mapping[173]. This formed the foundations of CGI and motion capture

technology used today in industries such as film and research[172].

A low-frequency magnetic field emitted from the hand would communicate with the
receiver where the hand is in space relative to the sensor. This had the advantage of a
large range with a high degree of accuracy but was prone to interference from any magnetic
objects decreasing accuracy. This was largely used for positional tracking of the whole hand

for a lot of early data gloves[174].

High-frequency ultrasound was used to ‘ping’ the location of the component on the hand
to several microphones, which would use triangulation to calculate the relative position and
orientation of the hand. This method was far cheaper and lightweight, but was easily inter-
fered with by external sound, and the accuracy was dependant on the acoustic properties
of the room. This technique was used in the Mattel (Nintendo) Power Glove[172].

Finally, the position and orientation data can be relayed to a receiver from gyroscopes
and accelerometers. This method uses units that contain multiple tracking components but
is susceptible to inaccuracies over time and gyroscopic drift, but this is correctable with
filtering techniques such as the Kalman filter, which is widely used today for all positional

tracking techniques[174].

The most relevant to the project would be the aforementioned first methods. The first
being represented by the Leap Motion Controller, an optical hand tracking module com-
monly used for joint angle and positional data acquisition[175]. Features such as fingertips
are extracted from the camera’s shot, and vectors are drawn in to represent position and

direction. Angles can then be calculated using the intersection between vectors[176].
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Figure 7.1: Features are extracted to draw vectors on each point, which can be used in
finding the joint angles and relative position of the rest of the hand. Adapted from reference
176.

7.3.2 Potentiometers and String Potentiometers

A potentiometer is a three-terminal adjustable voltage divider that comes in many forms,
widely used for a plethora of different applications[177]. They typically consist of a sliding
contact that moves along a resistive element, so that the position of the slider dictates the
value of the output resistance. Used in conjunction with an attached mechanism, such as a

lever or joystick, they become a very versatile tool in measuring position in a system[178].

The voltage across the component can be found using the simple voltage divider
rule[177]:

B RoRp, '
- RiR; + RoRp, + R1Ro

Vi Vs (7.3.1)

Dividing through by Ry, and cancelling gives the simplified and well-known form of the

equation, as the load is large in comparison to other resistances:

Ry

V=2
E R+ Ry

Vs (7.3.2)

This can be used coupled with a mechanism to convert joint angles to a resistance value,
which could then be reinterpreted back to a joint angle by the data glove controller. The
only problem with this approach is designing a method in which desired movements can
be translated into rotation of the potentiometer handle. This also limits the potentiometer
to one degree of freedom, but this can be circumvented by using a dual-axis potentiometer

commonly used in joysticks.

An extension of the potentiometer, the string potentiometer attaches a pullable string

mechanism to the adjustable handle of the potentiometer, accompanied by a gearing and
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Figure 7.2: A further simplified version of the voltage divider circuit within the poten-

tiometer, adapted from reference 178.

spring mechanism for multiple turns and returning the string potentiometer to a neutral po-
sition. The rotational sensor can be in the form of a potentiometer or a rotary encoder[179].
An electrical signal proportional to the cable’s linear extension is produced, which can be

differentiated as a function of position to give velocity.

Flexible High Strength Cable

Figure 7.3: The inner workings of a string pot. The cable is pulled and extends from around
the spool, which is measured by the rotational sensor. The spring returns the string pot

back to a resting position. Adapted from reference 179.

This method could be useful in measuring joint angles by attaching the ends of the
cables to each fingertip so that flexion of the fingers pulls the cables and increases the
resistance. The advantage of this would be that the housing of each potentiometer doesn’t

have to be fully aligned, and the string will easily stay where it is lined up despite contortion.
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An advanced way of implementing this would be in the same fashion that tendons
operate within the forearm and fingers, except in the opposite direction. However, string
pots are very expensive to buy and would have to be homemade. Furthermore, this method
is too similar to lever-action with potentiometers, in that it would only give one degree of

freedom per finger for a higher price.

7.3.3 Flex Sensors

Flex sensors come in different varieties and have been used since the first data glove[172].
The Sayre glove used optical flex sensors consisting of a flexible tube housed with a light
source at one end and a photovoltaic cell at the other. Bending the tube would evenly
decrease the amount of light reaching the photocell[180]. This principle has been taken

forward and adapted over time to make different kinds of flex sensors.

The fibre optic flex sensor is similar to the optical flex sensor, but instead uses opti-
cal fibres. Applying stress to the fibres will change the optical properties of the material,
affecting the properties of the light passing through them. Different properties such as in-
tensity, phase, polarisation, wavelength and transmit time can be analysed with a spectrum
analyser to provide sensing over a large distance[181]. Fibre optic sensors are unaffected
by electromagnetic fields and are less likely to be interfered with by external forces. They
are also lightweight and can be applied with minimal intrusiveness[182]. However, more
advanced hardware and software such as a spectrum analyser is needed, making it more

expensive and unnecessarily technologically advanced for the scope of the project.

Capacitive flex sensors work by detecting changes in the electric field when the sensor
undergoes stress. The sensor will consist of single or multiple conductive layers consist-
ing of flexible microstructures, separated by a dielectric[183]. Applying a negative strain
perpendicular to the capacitive plates (a compression) changes the distance between them,
causing a positive change in capacitance. To avert three-dimensional strains, the top layer
is made larger than the bottom, so that the capacitive area of the plate does not change

as much, keeping the sensor selective towards loading normal to the sensor plane[184].

These sensors are more geared towards being used as a pressure sensor, easily being
placed in situ close to areas of interest. A flex sensor can be made by applying this principle
across a longer distance, where changes in the alignment between the two capacitive plates

change the capacitance of the component and output[185].

Finally, conductive ink flex sensors work in much the same way as the capacitive flex
sensor. Set up in a similar fashion to the capacitive flex sensor, a strip of flexible resin has
a conductive ink deposited thereon with a segmented conductor on top, forming a flexible

potentiometer[186]. Bending the sensor decreases the cross-sectional area and an increase
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Figure 7.4: Principle of operation for a photocell flex sensor. Flexion results in a decrease

in light intensity, as shown by the graph. Adapted from reference 180.

in length, resulting in a predictable change in resistance[187].

These have recently been adapted to use a new conductive carbon material, commer-
cially known as Velostat or Lingstat. It is used as a packaging material made of a polymeric
foil impregnated with carbon black to make it electrically conductive, making it useful for
protection against electrostatic shock[188]. It can be used in place of conductive ink, and

is commonly used for most hobby flex sensors today.

7.3.4 Strain Gauges

A more unorthodox method would be to use strain gauges, or load cells for each finger to
measure flexion. A load cell is a transducer that converts an applied force into a desired
and measurable output. This can be in the form of detecting different properties, such
as bending, compression, changes in the magnetic field as input, and electrical, hydraulic
or pneumatic for output[189]. The most popular and relevant type of which is the strain

gauge.

The strain gauge consists of a resistive foil coated onto a gauge backing material,
which converts small changes in the material’s cross-sectional area caused by stress into a
measurable electrical signal[190]. Using 4 strain gauges in a Wheatstone bridge allows for

minute changes in stress to be detected in multiple axes[191].

These could be used at the knuckle of a data glove so that flexion of the fingers causes an
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161

Figure 7.5: Operation of a conductive ink flex sensor. Different levels of bend result in
different resistive properties of the interaction between the ink and conductive pads, which

can be predictably measured. Adapted from reference 183.

increase in strain proportional to the angle of bending. This would allow for not only joint
angle calculation, but for precise control of how much force is applied across the robotic
hand. It would also interact well with haptic feedback and play more into the illusion of a

robotic hand being an extension of one’s own body.

This principle has been applied but in reverse with the Vive Knuckles controllers for
their virtual reality system. The controller is fixed to the hand and wrist and is held more
like a handle than worn like a glove. Joint angles are calculated by varying the grip on the

controller, with a trigger finger for gripping and haptic feedback.

7.3.5 Choice of Microcontroller and Simulation Platform

The Arduino Uno R3 microcontroller has the same functionality and capabilities as the
Nucleo. It has flexible power supply options such as ST-LINK, USB V bus or external
sources, as well as connectivity to other boards. The Arduino’s 16MHz clock speed and 14
I/0 pins were enough, as only 5 analogue pins out of 6 were needed. It can provide 3.3V

or 5V, with an input limit of 20V, making it more than suitable.
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CoppeliaSim (formerly known as V-REP) is a robot simulation framework with its
own Integrated Development Environment, based on a distributed control architecture in
which each object can be controlled using an embedded script, plugin, node, API or custom
solutions. It can be used to model a single robot with multiple links, or a whole environment
containing multiple robots, and can be programmed in C/C++, Python, Java, Lua, Matlab
or Octave. This makes it an extremely versatile tool for many applications, from robotic

hand simulation to a Mars Rover simulation[192][193].

CoppeliaSim is an incredible fit for the project, as its advanced simulation platform will
allow STL files to be imported in as a mesh and converted into many linked robots. Child
scripts can then be written that move the hand to the target position based on data from
the data gloves. External files can also be accessed by CoppeliaSim, meaning an external
file containing joint angle data could be referenced during the simulation. Plugins can be

installed that allow for this as well as many other useful functions.

MATLAB is a programming and numeric computing platform for the analysis of data,
development of algorithms, and creation of models. It can be used for research and math-
ematics as well as the simulation of robots. It uses C style programming, Python, Java,
Fortran and many other languages, with matrix and array mathematics and an iterative
analysis and design process environment[194]. The simulation software ran slower than
CoppeliaSim, as it is not as well suited as CoppeliaSim for more advanced simulations. It
could however be used in conjunction with CoppeliaSim, for data transfer or calculation of

joint angles from resistances.

7.4 Hardware Design

7.4.1 Hiwonder Data Glove

The glove uses lever-actioned potentiometers and does not involve the glove’s or one’s own
nervous system. It has a lever coupled to a potentiometer for each finger and the thumb,
which attach via a red adjustable ring. The rings wrap around the finger just below the
proximal interphalangeal joint, also known as the second knuckle. It uses an Arduino
Uno R3, housing a Bluetooth module and gyroscopic/inertial sensors for gesture control.
These components allow it to communicate wirelessly with other products from Hiwonder,
as well as other Bluetooth devices that are configured correctly[195]. The inertial and
position sensors read the orientation and position of the glove relative to its starting point
when running the demonstrational code that came with the product. Each potentiometer
gives a reading of 500-2500 arbitrary units when running the demo program, but when

purely reading from the analogue pins the values go from approximately 290-800 arbitrary
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units. The resistor values and range are unknown, but the website states it runs on a 7.4V
LiPo battery and it is known to operate at 5V from plugged in. As the ADC 10-bit, its
maximum count value is 1024 (21°) and the I/O pins draw 40mA. Therefore, the resistance
at rest and max flexion of the whole finger can be calculated. This does not solve the
resistance of just the potentiometer, but the theoretical resistance of the finger, as there is

probably a potential divider circuit for each finger.

Vin
ADCoutput = v ADCmaxcount (7.4.1)
ref

7.4.2 Prototype Data Glove

Flex sensors were chosen as the optimal sensor for each finger, as they were easily avail-
able and relatively inexpensive compared to other options, given the lack of facilities and
resources to 3D print or create a more advanced solution. Each flex sensor in its own
potential divider circuit with a 10k resistor. Each flex sensor has a resting resistance of
30k and a fully bent resistance of 90k. Using these values, the voltage for each state and

range of voltages can be calculated.

In order for each sensor to have the full range of motion, they have to be able to bend
and relax while staying seated on top of the finger. They are usually sewn into the fabric
or held underneath in some other fashion. For the project, small holes were cut into the
sides of each finger so that zip ties could be used to create a track for the flex sensors to
slide down. Each one is fixed at the top of the finger so that it will always bend from the
top, allowing the rest of the sensor to slide through the zip ties up to the clinch connector.
The wires coming from the sensors are fed through a small loop to avoid tangling, and each

pair of wires leads to its respective voltage divider.

7.5 Software Design

7.5.1 Data Gloves

Both data gloves use an Arduino as their microprocessor. The Arduino Analogue and
Serial classes were used to transmit data from the glove to the simulation in the form of
float values representing resistance. The simulation receives this data and converts it into

a joint angle in radians, which each joint in the finger will move to.

The loop runs at the clock speed of the Arduino, which is 16MHz. The simulation runs
at a slower rate than the Arduino’s clock speed, meaning it will never have to wait for new

values to come up. As the values are not stored in an array or external file, a buffer is not

97



Chapter 7 98

needed to ensure proper data transfer. Storing these values would be helpful for replaying

the movements of the hand, which could be used to teach an Al how to carry out a task.

7.5.2 Simulation

A model of the hand is established, and the measurement specification of the model allows
the calculation of a homogeneous transformation matrix[196]. This would have allowed
for a kinematic model to be produced that could use forward and inverse kinematics to

calculate end effector locations and joint angles given values of one or the other.

The hand was imported into Fusion360 as a single body mesh. Each link and separate
body in the hand had to be manually separated to build the linked robot. To place the
joints, a cylinder had to be extracted from the housing of each joint. During the meshing
and decimation process, the model’s joints lost their cylindrical properties and became
warped, which placed each joint off-centre and made the collisions between each body a
lot slower to calculate within the physics engine. In order to find the homogeneous trans-
formation matrices, the Denavit-Hartenburg parameters need to be established. However,
the dimensions of the hand are not specified. This can still be approximated for each fin-
ger to find its homogeneous transformation matrix, as each finger is essentially a 3-linked
robot with an end effector, and the measurements can be taken directly from the model in

CoppeliaSim.
Each finger will be approximated to follow the Denavit-Hartenberg parameters[197]:
-The z-axis must be the axis of rotation or direction of motion.
-The z,-axis must be perpendicular to both the z, and z,_1 axes.
-The z,-axis must intersect both the z, and z,_1 axes.
-The y, axis’ coordinate frame must follow the right-hand rule.

Fach joint in their respective fingers was aligned with each other using CoppeliaSim,
the z-axis of each coordinate frame is already aligned and therefore alpha and z-axis dis-
placement ’d’ will always be zero. Theta denotes the angle of rotation through the z axis,
and displacement ’a’ represents the distance between links. The thumb is the only negative
value for theta as the thumb needs to rotate in the opposite direction (clockwise) to the
other fingers. Each coordinate frame is linked to the next by a rotation through z between

0-63 degrees. A rotation in the z axis is represented by the matrix:

cosf —sinf 0
R. = |sin® cosf 0|, whered = (—)63" (7.5.1)
0 0 1
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[Z Selected objects: 2 (frame-frame distance=0.2608)
[i|Last selected ohject name: hand_Little Joint2
Last selected ohject type: Joint {revolute, p=+000.00)
Last selected object position: x: +0.0556 . -0.4067 z:+1.3009
Last selected ohject arientation: a:-079.69 h:-01485 g:-110.16

Figure 7.6: The information text in the top left shows the distance between two joints, as

well as the difference in orientation and position. This can be used to fill out an approximate

Denavit-Hartenberg table.
To approximate further, each translation occurs along the y-axis, when in the simulation

it is actually a combination of displacements in the z and y axes. The transformation matrix

is given by:

,where y = displacement (7.5.2)

_ N < 8

Therefore, the homogeneous transformation matrix between one coordinate frame and

the next would be represented by:

! cosd —sinf 0 0] |z
y _ sinf cos® 0 Of |y (75.3)
2 0 0 0 0] |2
1 0 0 0 1 1
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cosl —sinf 0 =x
ind 6 0

Hrl = Szg COOS . ‘Z (7.5.4)
0 0 0 1

Filling the values in from the table for each finger would give the total homogeneous

transformation matrix, used in forward and inverse kinematics.

7.6 Testing and Analysis

It was found in the test that once one finger was functioning correctly, the same code
was used to read the joint angles of each finger, so that the fingers can operate together.
The main problem was the speed at which the simulation was occurring, coupled with a
constantly vibrating ring finger. To speed up the simulation, a load must be taken off
the physics engine by decreasing the number of calculations it has to make. To do this,
alternate links in the robot can be set to different mask levels within the simulation so that
they do not collide. Also, an invisible and simplified version of the model was created and
attached to the visible model, so that the simplified version could run faster, whilst the

original can visually copy it.
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Figure 7.7: Simplified version of model to speed up the physics engine. The mask layers
indicate which objects the individual body will collide with.

The green hand shown in Figure 7.7 is a simplified mesh version of the original hand.
The local respondable layers show that the base of the thumb does not interact with
anything on the first 4 mask layer boxes, i.e., the tip of the thumb and the base. The
segments of the fingers alternate in masks so that adjacent parts do not collide but anything
past that will, which is an effective way of both speeding up the simulation and fixing the

issue of parts colliding with themselves.

With the simulation working smoothly with the Hiwonder hand, the prototype hand
could be constructed. The index finger was completed first as a test for how fixing the
sensors in place would work. It was found that fixing them at the tip and letting the back
slide freely was the optimal solution for bending each sensor fully whilst not obstructing

the clinch connector.

Putting a voltmeter in parallel with the output showed the voltage fluctuating around
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Figure 7.8: The joint angles being printed to the CoppeliaSim output. They have been

converted to radians by the simulation.

1.2V when relaxed, slightly under the number predicted earlier. This dropped to around
400mV when flexed. The glove can now be plugged into the simulation with the same code
as with the Hiwonder glove. The values used within the code that convert and calibrate
the float values into joint angles must be changed as well. A flat value of the minimum
reading was subtracted from the resistance read from a finger, to give a number in degrees
between 0 and approximately 70. This was then converted to radians to set the joint angle

targets for each motor in the joints.

The project has proven successful in controlling a simulated anthropomorphic hand
using two separate data gloves. The model used for the hand was very complex with a large
mesh, which caused the simulation to run slower, and made the importation process more
difficult. Investing more time into making a new and simpler model in CAD would have
decreased the number of simulation-based issues later on. This also would have fixed the
misalignment of the joints and parts of the hand interacting with each other in unexpected
ways. The jitter experienced in the hand is also partially due to the rate of change of joint
angles. Currently, the joint angles are sent at a rate of 16Mhz and are subject to slight
changes, which causes the hand to vibrate slightly at times. Taking a running average of
the joint angles coming in would have decreased their variation and made the operation

smoother.
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Figure 7.9: Side by side comparison of hand before and after mesh decimation. This is so
the simulation can run faster with a simpler physics model. The right side shows the hand

after having been split into separate links and bodies.

The data gloves and simulation are used together to find the joint angle data and
convert it to a usable form. This would also allow the gloves to be more compatible with
other systems without much modification. Moreover, storing the joint angles in an array
allows for a recreation of the simulation, which would be helpful for teaching an Al to copy

a task or replaying the users’ actions.

Furthermore, the function used to move the joints to the target angle works in such a
way that does not allow for feedback and optimisation, by simply telling the simulation to
move the joint. It is less accurate compared to what would be used in a real-world system,
where a target position would be set and a Proportional-Integral-Derivative controller
would be used to adjust the response to a movement. The torque of the motors would also
be a function of the motors’ current, instead of moving to the target angle arbitrarily like

the function being used does.
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Figure 7.10: The completed Data Glove for Simulation.

7.7 Conclusion

The project’s goal was met and demonstrated the key features of what forms a data glove.
Different components and methods of data acquisition were explored before choosing suit-
able ones for a prototype glove that was made. The model was used for the simulation of
an anthropomorphic robotic hand and set up for simulated teleoperation. This was then
interfaced with a premade Hiwonder data glove, which proved effective in its operation.
Using the knowledge gained from setting up and testing both the Hiwonder data glove
and simulation, the prototype glove was produced and used in conjunction with the same

simulation.

Additionally, the project was an opportunity to learn more about current industry
applications and conventions. It is estimated that the addition of features such as position

and orientation data, battery life and wireless connectivity, and haptic feedback could be
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implemented for a low cost, allowing the glove to compete on the market.

The prototype as of this moment is a functional demonstration of the basis of data
gloves, with much room for enhancements and improvement. For example, increase the
sensor in the glove, which can provide more degrees of freedom to increase the range of
motion that the glove can capture; Rumble motors or contacts that provide a minute
electric shock could be installed on the inner layer or the front of the glove that stimulate
the fingers and trigger a haptic response, which is useful in situations where tactile feedback

is required.
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Conclusion and Prospect

8.1 Summary of Thesis and Contributions

This thesis is dedicated to developing and implementing an intuitive HMI system to improve
the interaction efficiency and experience between users and machines by combining the
latest neural network algorithms, ELM technology, and fault-tolerant algorithms. The

following is a detailed overview of the main contents of this study and its contributions:

Application of neural networks in graphic classification: Through an in-depth analysis
of the relevant literature on “target-unbiased meta-learning for graphic classification”, we
studied the performance of neural networks when processing graphic optical imaging data
and proposed an improvement strategy to optimise its performance. This includes the
introduction of an interactive attention extraction module to reduce the model’s preference

for seen targets, thereby improving classification accuracy.

Application of extreme learning machines in robot trajectory prediction: Based on
the study of “BAS-optimised ELM for KUKA iiwa robot learning”, we explored how to
use extreme learning machines for robot trajectory prediction and improved the prediction
accuracy through optimisation algorithms. Experimental results show that the effectiveness
of the proposed method on the KUKA iiwa robot has been verified.

Research on fault-tolerant algorithms: The theoretical basis and practical application
of sparsity-based fault-tolerant algorithms in redundant robot operations are explored. The
study found that in the case of multiple joint failures, the normal movement of the end

effector can be effectively maintained by properly designing a fault-tolerant mechanism.

Design and implementation of HMI system: In order to address the limitations of
existing interactive systems, this thesis also focuses on building a more natural and intuitive

operation interface. For example, for the design of smart gloves, not only cost-effectiveness
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is considered, but also sufficient flexibility and accuracy are ensured to support gesture

recognition with more degrees of freedom and tactile feedback in the future.

These research results not only promote the academic development of this field, but also
provide new possibilities for practical applications, especially in scenarios such as medical

surgery assistance and industrial automation.

8.2 Proposals for Future Works

Building on the existing work, the next step is to integrate the robotic arm and hand and
implement real-time control using the MYO armband and data gloves. This approach aims
to enhance real-time control capabilities and optimise the system’s functionality, leveraging
prior advancements effectively. At the same time, the robot manipulator can also provide

real-time haptic feedback.

KUKA iiwa robot arm

TO CONTROL

Figure 8.1: Use the MYO armband and data gloves to control KUKA iiwa robot arm and
DLR-HIT II hand.

In order to further improve and develop the various technologies proposed in this study,

the following are some specific and detailed suggestions for future work:

Enhance image processing capabilities: develop a more robust droplet detection al-
gorithm that can operate stably under different lighting conditions. The environmental
adaptability of the algorithm can be improved by increasing the diversity of training sam-

ples or using adaptive threshold adjustment. Explore the use of deep learning frameworks

107



Chapter 8 108

(such as CNNs) to automatically extract features to further improve the accuracy and

speed of droplet detection.

Deepen the application of extreme learning machines: Combine extreme learning ma-
chines with other advanced learning algorithms, such as ensemble learning methods, to
achieve better prediction results. Expand to other types of robot platforms to test and
verify the versatility and practicality of the proposed method in different application sce-

narios.

Optimise fault-tolerant mechanisms: Design more complex fault scenario simulation ex-
periments to evaluate the performance of current fault-tolerant algorithms under extreme
conditions and make corresponding improvements accordingly. Consider integrating artifi-
cial intelligence technology into fault-tolerant strategies so that the system can dynamically

adjust its configuration to cope with emergencies.

FExpand the functions of HMI interfaces: Add additional sensor types, such as elec-
tromyography sensors, to the existing ones to capture more subtle hand movements. Achieve
true two-way communication, which allows users to not only control the device, but also
receive information from the device and provide real-time feedback to the user. Research
how to integrate multiple input modes (such as voice, gestures, eye tracking, etc.) to
create a multimodal interaction system to provide users with a richer and more natural

experience.

Interdisciplinary cooperation: Strengthen exchanges and cooperation with fields such
as psychology and cognitive science to better understand human behaviour patterns and
guide interface design principles. Work with material science experts to develop new sensing

materials to create more possibilities for future wearable devices.

In short, with the advancement of technology, the field of HMI will continue to evolve.
Through continuous technological innovation and interdisciplinary cooperation, we can
expect to see a new generation of interactive systems that are more efficient, friendly and

widely applicable.
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