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Abstract

With the growing complexity and data intensity of modern industrial systems, intelligent data
analysis (IDA) has become essential for reliable data interpretation and efficient operation. By
leveraging advanced analytical and computational techniques, IDA can handle complex, large-
scale data sets, thereby providing valuable insights for industrial operations and significantly
improving the stability and efficiency of industrial processes. Nevertheless, data quality
remains a fundamental prerequisite for IDA performance, as it directly affects the accuracy
and trustworthiness of derived insights. Due to complex operating conditions, high cost,
and limited availability of expert annotation, high-quality data is often difficult to acquire.
The imperfections in the data can affect training and evaluation, thereby reducing the overall
performance in real-world applications.

In practice, imperfections in industrial data generally fall into two main categories: 1)
data scarcity, such as class imbalance or limited sample size; and 2) label quality issues, such
as missing labels or noisy labels.

In this thesis, we deal with the above-mentioned data imperfections arising from the
data acquisition process and the annotation process to develop innovative approaches for
robust and reliable IDA in industrial applications. It should be pointed out that all approaches
developed in this thesis have been evaluated and applied to outlier detection on imperfect

industrial data collected from real-world wire arc additive manufacturing (WAAM) processes.

* To achieve outlier detection on unlabeled data, an improved optimization-based cluster-
ing algorithm is proposed, where the initial locations of the cluster centroids in the fuzzy
C-means algorithm are optimized by an improved particle swarm optimization (PSO)
algorithm. An adaptive switching randomly perturbed particle swarm optimization
(ASRPPSO) algorithm is developed to enhance the convergence rate and particle’s

search ability of the PSO algorithm, where a distance-based weighting strategy and



vii

switching strategy are introduced to update parameters of the optimizer. The particles
can conduct a thorough search by accounting for both evolutionary states and the
distances to the global and personal best positions, thereby improving the convergence
rate and solution accuracy. Via the ASRPPSO-based selection of optimal clustering
centroids, the proposed algorithm does not rely on centroid initialization, thereby

facilitating a better cluster partition.

* With the aim to guarantee the outlier detection performance on imbalanced data
under the small sample problem, an optimized deep transfer learning framework is
developed, where a novel deep domain adaptation strategy is designed to minimize
the cross-domain discrepancies, the weighting factors are designed to handle the data
imbalance problem, and the PSO algorithm is utilized for hyper-parameters tuning. By
leveraging the domain knowledge and optimal hyper-parameter selection, the developed
framework effectively balances performance and efficiency when dealing with outlier

detection tasks on imbalanced data under the small sample problem.

* To handle the noisy label problem under limited-data conditions in outlier detection,
a novel Transformer-embedded learning with noisy labels framework with fuzzy-
clustering-assisted contrastive learning (TFCCL) is developed, where a fuzzy-clustering-
assisted contrastive learning approach, a dynamic two-stage training scheme and a joint
learning strategy are introduced to train the outlier detector. The TFCCL framework
integrates supervised learning with contrastive learning, thereby reducing reliance on

potentially noisy labels and enhancing model robustness.

* For the purpose of outlier detection under the noisy label problem when sufficient data
are available, a role-differentiated learning with noisy labels (RD-LNL) approach is put
forward, where a leader-follower-inspired sample selection (LFSS) strategy is proposed
for identifying potential clean samples for model training. A selection metric and an
adaptive selection scheme are designed to adjust the number of selected samples. By
combining the joint learning and adaptive sample selection, the RD-LNL framework

achieves robust outlier detection in the presence of noisy labels.

» To fully evaluate the application potential of the developed frameworks. All the

developed frameworks are applied to outlier detection tasks on WAAM data sets
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collected from real-world manufacturing processes to examine their adaptability,
robustness, and generalization capability. The experimental results demonstrate the
effective and robust performance of the developed outlier detection frameworks on

WAAM data sets across various data imperfection conditions.
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Chapter 1

Introduction

1.1 Motivation

In recent years, intelligent data analysis (IDA) has become increasingly important in a
wide range of industrial manufacturing applications (e.g., aerospace engineering, energy
systems, and automotive engineering) with the growing complexity and data intensity
of modern industrial systems, which require reliable and accurate data interpretation to
ensure stable and efficient operational performance. By leveraging advanced analytical and
computational techniques, IDA can efficiently process large-scale data sets, handle diverse
and heterogeneous data sources, and extract meaningful patterns. The successful adoption
of IDA has enabled reliable data interpretation, provided valuable insights for industrial
operations, and significantly improved the efficiency and intelligence of modern industrial
systems.

As a disruptive technology in industrial manufacturing, additive manufacturing (AM)
has attracted an ever-increasing research interest during the past few years. During the AM
process, the metal material required by the production specification is deposited on the
substrate layer by layer under the control of a computer [62]. Compared with some traditional
subtractive manufacturing technologies, the AM technology exhibits better design flexibility
and produces less waste. Thanks to its strong abilities in fabricating components with
complex geometries, the AM technology has been successfully applied to a variety of fields

such as electrical engineering, healthcare, and transportation [84]. To meet the requirement
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of fabricating components with complex structures at fine resolutions, a large number of
AM methods have been developed, e.g., selective laser sintering, direct energy deposition
(DED), liquid binding in three-dimensional printing, contour crafting, and laminated object
manufacturing [125]. Among existing AM methods, the DED method is a competitive one
that uses high-power energy sources (including laser beam, electron beam, and electric arc)
to deposit the metal powder or feedstock wire into the substrate layer by layer without the
requirement of a strict seal structure.

Wire arc AM (WAAM) is a wire-based DED method with relatively high deposition
efficiency, which is one of the most popular AM methods. Compared with other AM methods,
the WAAM has demonstrated significant advantages in material loss and cost savings [145].
In WAAM, the quality of the fabricated component is highly dependent on the operating
status, including feedstock feeding accuracy, shielding gas flow, and inter-layer temperature.
As an essential part of the process, the electric arc serves as the heat source and is primarily
governed by the total current and arc voltage, which strongly influence the operating status
and ultimately the quality of the fabricated components [149]. During the WAAM process,
the current and voltage may change irregularly and rapidly owing to abnormalities in the
operating conditions (e.g., geometrical deviations and unstable metal transfer), which may
adversely affect the working status. Given this, a common way to track the working status
of the electric arc in practice is to monitor the total current and arc voltage, as they are
straightforward to measure and provide essential information about the operating status.

Reaching a sufficient detection performance is of high industrial relevance because robust
monitoring can greatly improve quality control. If the data is only available as a post-process
batch, it can be used to guide and optimize post-process inspection. If change-point detection
can be implemented in real time, it enables either a controlled stop of the process to perform
rectifying actions or, ideally, an automatic corrective action through closed-loop control.
Therefore, all important indications in the signal should be reliably detected and, if possible,
classified since they may directly influence the quality of the fabricated component.

As one of the powerful analytical techniques in IDA, outlier detection plays a critical
role in identifying abnormal instances that may compromise the reliability of data-driven
analyses, which has been successfully exploited in various areas, such as medical engineering,

finance, electrical engineering, and manufacturing [6, 69]. Outlier detection is able to detect
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unusual data patterns, filter out corrupted samples, and enhance the overall reliability of
monitoring and analysis in complex industrial environments. Furthermore, it is relatively
easy to implement and has proven to be highly effective in real-world industrial settings. As a
result, in the field of WAAM, employing outlier detection approaches to identify the abnormal
changes in current/voltage has become an effective solution to monitor the operating status
and further improve the WAAM process and ensure high-quality production [73].

With the development of advanced sensing technologies and data-driven modeling,
machine learning (ML)—based outlier detection has become a powerful approach for identifying
abnormal patterns in complex data sets. By exploiting statistical learning and pattern
recognition capabilities, ML-based outlier detection approaches can adapt to irregular
patterns, capture complex behaviors, and provide efficient and robust detection. Compared
with traditional threshold- or rule-based approaches, they offer higher adaptability, stronger
generalization, and an improved ability to capture subtle or nonlinear anomalies. Therefore,
ML-based outlier detection methods are well-suited for WAAM, which enables more
stable process operation and improves the consistency of fabricated components in real
manufacturing environments. In the past few years, a great number of ML-based approaches
have been developed and utilized in WAAM outlier detection [30, 121].

It is worth mentioning that the performance of ML-based outlier detection methods is
highly dependent on data quality, as their accuracy and robustness heavily rely on reliable and
representative input data. Nevertheless, in practical WAAM scenarios, data imperfections
(e.g., unlabeled data, limited sample size, and noisy labels) are often unavoidable due to
various factors such as sensor noise, fluctuating process conditions, data annotation challenges,
and human errors. Such imperfections may hide the normal patterns in the data, greatly reduce
the overall performance of the ML model, and degrade overall performance in real-world
applications. Therefore, it is essential to develop reliable and effective ML-based approaches
for outlier detection on imperfect WAAM data to further ensure accurate monitoring and
reliable assessment of the WAAM process. As a class of promising approaches in ML,
the weakly supervised learning aims to train models under imperfect training data using
weak or unreliable annotation signals, which has attracted enormous research interest in

recent years. Consequently, weakly supervised learning provides a practical and effective
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pathway for designing outlier detection methods that can operate reliably despite the inherent
imperfections of WAAM data.

In the past few years, optimization techniques have received considerable attention in the
research community. As a powerful optimization algorithm, the particle swarm optimization
(PSO) is a population-based algorithm inspired by social behaviors observed in nature,
which provides notable advantages, including fast convergence, low computational cost,
and efficient exploration of the solution space [42]. Recently, the PSO algorithm has been
extensively employed in ML-related optimization problems and has shown consistently strong
performance across diverse applications. By leveraging its strong global search capability and
adaptive swarm dynamics, PSO is able to effectively tune model hyper-parameters, improve
training convergence, and enhance overall prediction performance.

Motivated by the above discussions, the main challenging problems for WAAM outlier
detection are dealing with data imperfections arising from unpredictable manufacturing
environments and the annotation process. Specifically, data imperfections in WAAM can be
categorized into two main types: 1) data scarcity, such as class imbalance or limited sample
size; and 2) label quality issues, such as missing labels or noisy labels. The main purpose of
this thesis is to conduct a comprehensive study on developing innovative approaches for outlier
detection on imperfect data collected from the real-world WAAM process. In Chapter 3,
we develop an improved optimization-based clustering algorithm for outlier detection on
unlabeled WAAM data. In Chapter 4, an optimized deep transfer learning (DTL) framework
is put forward for WAAM outlier detection under the small sample problem. We propose
a novel Transformer-embedded learning with noisy labels (LNL) framework for WAAM
outlier detection under noisy-label and limited-data conditions in Chapter 5. In Chapter 6,
we develop a novel role-differentiated LNL framework for handling the noisy label problem

in WAAM outlier detection when sufficient data are available.

1.2 Contribution

The main contributions of this thesis are outlined as follows.

* We propose an improved optimization-based clustering algorithm for outlier detection on

unlabeled data. An adaptive switching randomly perturbed particle swarm optimization
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(ASRPPSO) algorithm is proposed to improve the particle’s search ability and the
overall convergence rate. The ASRPPSO algorithm is then combined with the fuzzy
C-means (FCM) algorithm to choose an optimal set of initial locations of the cluster
centroids automatically. By globally optimizing FCM centroids and reducing sensitivity
to initialization, the ASRPPSO-based FCM achieves more stable partitions, which
facilitates clearer discrimination between normal and abnormal patterns, thereby
improving outlier detection performance. A series of experiments is carried out to
comprehensively validate the performance of the developed ASRPPSO algorithm via
some well-known benchmark functions. The ASRPPSO-based FCM algorithm is also
evaluated through experiments. Experimental results show the effectiveness of the

ASRPPSO algorithm and the ASRPPSO-based FCM algorithm.

* We propose a PSO-assisted DTL framework for outlier detection on imbalanced data
under the small sample problem. A novel deep domain adaptation (DDA) strategy is
introduced to minimize the cross-domain discrepancies. The weighting factors are
designed to balance the marginal distribution discrepancy loss and the conditional
distribution discrepancy loss of both normal instances and outliers to tackle the
data imbalance problem. And the PSO algorithm is utilized to select the optimal
hyper-parameters automatically. The developed framework is deployed to detect the
outliers on real-world data sets. Experimental results demonstrate the superiority of
the developed PSO-embedded DTL outlier detection approach over popular benchmark

approaches.

* We put forward a Transformer-embedded LNL framework with fuzzy-clustering-assisted
contrastive learning (TFCCL) for outlier detection under noisy-label and limited-data
conditions. A fuzzy-clustering-assisted contrastive learning (FCCL) approach is
developed to train the Transformer encoder, where the UMAP-based FCM (UFCM)
algorithm is introduced to determine positive and negative sample pairs for contrastive
learning based on clustering results. A dynamic two-stage scheme is formulated for
training the outlier detector. In the first training stage, the Transformer encoder is
pre-trained to enhance its feature extraction capability on industrial time series data

through data reconstruction. In the second stage, the outlier detector is trained jointly
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with the Transformer encoder, while the UFCM algorithm is dynamically updated
throughout the training process. Furthermore, a joint learning strategy is proposed
for the second training stage, incorporating a label-consistency regularization term to
minimize the discrepancy between outputs from the outlier detector and the UFCM
algorithm, thereby improving the model’s robustness against noisy labels. Experimental
results validate the effectiveness of the proposed TFCCL framework on noisy labeled

data sets under limited-data conditions.

* We propose a role-differentiated LNL (RD-LNL) approach for outlier detection under
the noisy label problem when sufficient data are available. A leader-follower-inspired
sample selection (LFSS) strategy is proposed for identifying potential clean samples.
The chosen clean samples are then fed into the deep neural networks (DNNs) for outlier
detection. In particular, three DNNSs are trained collaboratively, where a leader network
is pre-trained on clean auxiliary data and guides the joint training of two follower
networks by fully leveraging its domain knowledge. A selection metric is introduced
that integrates both the training dynamics and the prediction divergence across the
DNNSs. According to the selection metric, an adaptive selection scheme is proposed to
adaptively adjust the clean sample selection ratio (CSSR) during the training process.
Experimental results on noisy labeled data verify the practical utility of the developed

RD-LNL approach for handling noisy labels.

* To fully evaluate the application potential of the developed frameworks, extensive exper-
iments are conducted on real-world WAAM data sets under various data imperfection
conditions, including missing labels, data imbalance, limited samples, and label noise.
All the developed frameworks are applied to the outlier detection tasks under these
diverse and imperfect data conditions to assess their adaptability and robustness. The
experimental results demonstrate that the proposed frameworks consistently deliver
effective and robust performance across different types of data imperfections, thereby

validating their practicality and reliability for real-world WAAM applications.
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1.3 Publication

The following papers report the research work resulting from this thesis.

* J. Fang, W. Liu, L. Chen, S. Lauria, A. Miron, and X. Liu, A survey of algorithms,
applications and trends for particle swarm optimization, International Journal of
Network Dynamics and Intelligence, vol. 2, no. 1, pp. 24-50, 2023. (Resulting from
Chapter 2)

* J. Fang, Z. Wang, W. Liu, Y. Zhang, Y. He, and X. Liu, A comprehensive review on
deep learning with noisy labels: Challenges, solutions, and frontiers, IEEE Transactions
on Emerging Topics in Computational Intelligence, accepted for publication. (Resulting

from Chapter 2)

* J.Fang, Z. Wang, W. Liu, S. Lauria, N. Zeng, C. Prieto, F. Sikstrom, and X. Liu, A new
particle swarm optimization algorithm for outlier detection: Industrial data clustering
in wire arc additive manufacturing, IEEE Transactions on Automation Science and

Engineering, vol. 21, no. 2, pp. 1244-1257, 2024. (Resulting from Chapter 3)

* J. Fang, Z. Wang, W. Liu, L. Chen, and X. Liu, A new particle-swarm-optimization-
assisted deep transfer learning framework with applications to outlier detection in
additive manufacturing, Engineering Applications of Artificial Intelligence, vol. 131,
art. no. 107700, 2024. (Resulting from Chapter 4)

* J. Fang, Z. Wang, W. Liu, N. Zeng, Y. He, Y. Cao, L. Chen, and X. Liu, Learning
with noisy labels for industrial time series outlier detection: A Transformer-embedded

contrastive learning framework, IEEE Transactions on Industrial Informatics, vol. 22,

no. 2, pp. 903-913, 2026. (Resulting from Chapter 5)

* J. Fang, Z. Wang, W. Liu, and X. Liu, A transfer-learning-assisted role-differentiated
approach for industrial outlier detection under label noise, In: Proceedings of the 2025
International Conference on Automation and Computing (ICAC), Loughborough, UK,
Aug. 2025, DOI: 10.1109/ICAC65379.2025.11196672. (Resulting from Chapter 6)
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1.4 Thesis Structure

To summarize, this thesis is organized into 7 chapters, including the current chapter (an
introduction of this thesis). The contents of the rest chapters are summarized in the following
manner.

In Chapter 2, we provide the necessary background information of the knowledge related
to this thesis. First of all, we present the background of outlier detection. Then, we
briefly introduce the data imperfections and weakly supervised learning. After that, we
review one of the most challenging problems in the field of weakly supervised learning,
namely the noisy-label problem. We review the development of the LNL approaches in two
aspects: 1) LNL approaches based on improving the label quality; and 2) LNL approaches
based on developing the noise-resistant model. We also summarize the applications of the
LNL approaches with details. Next, we introduce hyper-parameter optimization and the
basic knowledge of the PSO algorithm, and we review the development of the variant PSO
algorithms in the following four aspects: 1) adjusting the control parameters; 2) developing
new updating strategies; 3) designing various topological structures; and 4) combining with
other evolutionary computation (EC) algorithms. The applications of the PSO algorithm are
also presented. In addition, the application backgrounds and the data utilized in this thesis
are described in detail.

In Chapter 3, an improved optimization-based clustering algorithm is proposed, where
the ASRPPSO algorithm is developed to optimize the cluster centroids. A distance-based
weighting strategy is proposed to make full use of the distance from each particle towards its
personal best (pbest) and global best position (gbest) at each step to improve the convergence
rate and the capability of finding the global best solution. The Gaussian white noises are
utilized to randomly perturb the acceleration coefficients to expand the search space and
mitigate the premature convergence problem. The switching strategy is also employed to
balance the global and local searches. The search capability of the developed ASRPPSO
algorithm is comprehensively evaluated via eight well-known benchmark functions, including
both the unimodal and multi-modal cases. The developed ASRPPSO algorithm is employed
to design an improved clustering algorithm. The novel ASRPPSO-based FCM algorithm
combines the ASRPPSO algorithm and the traditional FCM algorithm, where the cluster
centroids of the FCM algorithm are selected by the ASRPPSO algorithm automatically. The
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experimental results indicate that the ASRPPSO algorithm and the ASRPPSO-based FCM
algorithm achieve effective and reliable performance.

In Chapter 4, a PSO-embedded DTL framework is developed, where a new DDA strategy
is put forward to reduce the cross-domain discrepancy by adjusting the weight of marginal
distribution discrepancy loss and the conditional distribution discrepancy loss. In addition,
two separate coeflicients are introduced to balance the conditional domain discrepancies
of normal instances and outliers with the hope to alleviate the data imbalance problem.
The hyper-parameters are tuned by the PSO algorithm automatically. Experimental results
demonstrate that the developed PSO-embedded DTL outlier detection approach outperforms
the popular benchmark methods on WAAM data under the small sample problem.

In Chapter 5, a novel TFCCL framework is proposed. An FCCL strategy is proposed to
aid in training the Transformer encoder, where a UFCM algorithm is designed to process
high-dimensional features and identify positive and negative sample pairs for contrastive
learning. A dynamic two-stage scheme is introduced for training the outlier detector. In the
first stage, the Transformer encoder is pre-trained to enhance feature extraction capability on
industrial time series data through data reconstruction. In the second stage, the outlier detector
is jointly trained with the Transformer encoder, while the UFCM algorithm is dynamically
updated throughout the training process. Furthermore, a joint learning strategy is proposed
to improve the classifier’s robustness against noisy labels, incorporating a label-consistency
regularization term to minimize the discrepancy between the outputs of the outlier detector
and the UFCM algorithm. Experimental results validate the effectiveness of the proposed
TFCCL framework for outlier detection on noisy-labeled WAAM data sets under limited-data
conditions.

In Chapter 6, an RD-LNL approach is developed, where an LFSS strategy is introduced
to select clean samples to train the outlier detector. A pre-trained network is employed as the
leader network and is utilized to guide the joint training process with two follower networks.
A selection metric is designed for sample selection by integrating both training behavior
and prediction divergence across the networks. Based on the selection metric, an adaptive
selection scheme is put forward to improve the quality of selected samples by adaptively
adjusting the CSSR during the training process. Experimental results provide strong evidence

that the developed RD-LNL approach is effective for handling data affected by label noise.
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In Chapter 7, the work of this thesis is concluded, and some relevant future research

directions are presented.



Chapter 2

Backgrounds

In this chapter, we aim to introduce the knowledge of outlier detection, data imperfections
and hyper-parameter optimization. We also review the existing weakly supervised learning
approaches (especially the LNL approaches) and the development of the PSO algorithm,
as well as their applications. In addition, the application backgrounds and details of the
data used in this thesis are introduced. In Section 2.1, the knowledge of outlier detection is
introduced. In Section 2.2, an introduction of data imperfections and an overview of weakly
supervised learning approaches from both algorithmic and practical application perspectives
are delivered. Specifically, the background and preliminaries of weakly supervised learning
and the noisy label problem are presented. A range of representative approaches for addressing
the noisy label problem are also summarized. Several selected applications of LNL are also
discussed. In Section 2.3, the hyper-parameter optimization is introduced. A comprehensive
review of the PSO algorithms as well as their applications is presented. To be specific, the
details of the original PSO as well as the basic PSO are presented. Some existing variant
PSO algorithms are summarized. Some popular practical applications of PSO algorithms are
also pointed out. In Section 2.4, the application backgrounds and the data sets used in this

thesis are described in detail.

2.1 Outlier Detection

Outlier detection refers to the process of identifying data instances that exhibit significant

deviation from the patterns followed by the majority of the data. In most data sets, normal
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instances tend to follow consistent statistical or structural regularities, whereas outliers break
these regularities and appear as rare or irregular observations. The goal of outlier detection is
to distinguish such irregular instances from normal ones by examining their deviations in
terms of distance, density, distribution, or representation features [1]. Depending on the nature
of the data and the modeling approach, outliers may be detected through statistical modeling,
similarity measures, clustering-based analysis, or learned representations. Although the
underlying principles vary across methods, the essential idea remains the same: to characterize
the dominant patterns in the data and identify observations that do not conform to them.

As a class of powerful techniques, machine-learning-based outlier detection methods
aim to learn the underlying patterns of normal data and automatically identify instances
that deviate from these patterns. By leveraging data-driven modeling and representation
learning, such methods provide adaptive mechanisms for detecting irregularities in complex
data sets [85]. These methods enable models to automatically extract meaningful patterns
from data, adapt to evolving data distributions, and improve detection accuracy by learning
from historical observations. With the rapid development of neural network theory, DL
has attracted considerable attention in outlier detection due to its strong feature extraction
capability. Unlike traditional machine learning methods that often rely on handcrafted
features and shallow models (e.g., support vector machines, decision trees, and random
forests), DL focuses on building deep neural networks with multiple hierarchical layers, such
as convolutional neural networks (CNNs), generative adversarial networks, and Transformers
[110]. These architectures enable automatic feature extraction and representation learning,
allowing models to capture complex patterns and high-dimensional dependencies within the
data. The advancements in these neural network architectures have significantly expanded

the potential of DL-based approaches in the field of outlier detection [133].

2.2 Data Imperfections and Weakly Supervised Learning

2.2.1 Preliminaries

In supervised learning, the performance of machine learning models (particularly those based

on DL) has been found to rely heavily on the quality of the labeled training data. Unfortunately,
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it is both time-consuming and resource-intensive to obtain sufficient high-quality labeled data
owing to the considerable labor and computational costs associated with data collection and
annotation in real-world scenarios. At present, data labels/annotations are often generated
by human annotators or automated labeling tools. Nevertheless, some unexpected issues
may be introduced by non-expert sources or through errors made by human annotators,
leading to poor-quality labeled data. When the labeled data are of low quality, models
may be guided to learn incorrect or ambiguous relationships between features and targets,
thereby significantly degrading predictive accuracy and generalization ability. Recognized as
a class of effective approaches, weakly supervised learning has been developed to construct
reliable predictive models from low-quality labeled data by leveraging inherent structural
and contextual information while mitigating the adverse effects of label deficiencies [103].
Based on the types of label deficiencies present in training data, weakly supervised learning
approaches are generally classified into three categories: 1) incomplete supervision, 2) inexact
supervision, and 3) inaccurate supervision [239]. Specifically, incomplete supervision
refers to cases in which some data points lack labels entirely. Inexact supervision describes
situations where only coarse-grained labels are provided. Inaccurate supervision pertains to
scenarios where labels in the training data are incorrect or misleading. Illustrative examples

of incomplete, inexact, and inaccurate supervision are shown in Fig. 2.1.

2.2.2 The Noisy Label Problem

As an emerging technique, deep learning (DL) has been successfully applied to various
fields (e.g., image processing, natural language processing (NLP), and speech recognition),
thereby demonstrating its significant impact and transformative potential [110]. Nevertheless,
inaccurate labels may be introduced by non-expert sources or through errors made by human
annotators, leading to poor-quality labeled data. Such inaccurate labels, which give rise to
the noisy label problem, wherein incorrect labels provide misleading information during the
training process, consequently resulting in incorrect predictions [54]. To date, a variety of
approaches have been proposed to address this issue [161]. In this context, the purpose of
this section is to provide a comprehensive survey of recent advances in DL-based methods

designed to address the noisy label problem.
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Dog Cat Dog

Fig. 2.1 Examples of incomplete, inexact and inaccurate supervised data in weakly supervised
learning.

The noisy label problem is considered inevitable in most data analysis tasks. In recent
years, a wide range of LNL approaches have been proposed to address the issue of noisy
labels. The investigated approaches for handling the noisy label problem are categorized into
two groups: 1) improving the label quality of the training data, and ii) alleviating the negative
influence of the noisy labels. A summary of the reviewed LNL approaches is provided in
Fig. 2.2.

Noisy labels refer to labels that are inaccurate or inconsistent with the true class or
category of the corresponding data points. It should be noted that the noisy label problem
constitutes a subset of inaccurate supervision. In DL, labels are typically assumed to indicate
the “correct” classes corresponding to their input features. Nevertheless, in real-world data
sets, the presence of noisy labels is common and often unavoidable due to several factors:
1) mistakes made by human annotators; ii) lack of expert knowledge; and iii) limitations
inherent in automated annotation approaches. The inclusion of noisy labels can disrupt the
training process, thereby significantly impairing the model’s prediction performance and

generalization capability.
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Fig. 2.2 Categorization of the approaches for tackling the noisy label problem.

Approaches for Handling
the Noisy Label Problem

Consider an M-class classification problem, where the input space is defined as X c R?,
and the label space is given by Y = {y € {0, 1} | ||y||; = 1}. Here, y denotes the label, and
all labels are assumed to be one-hot encoded vectors corresponding to the M classes.

Let the training set be represented by D = {(x;, yl-)}fi |» Which consists of N independent
and identically distributed samples. Each sample (x;, y;) is assumed to be independently
drawn from a joint distribution P(X,Y) defined over X X Y. The objective of classification
is to learn a mapping function f : X — Y, implemented by a DNN parameterized by 0,

such that the empirical risk Ry (f) is minimized:

N
Ro(f) =B L On fG)] = 3 ) £ O f) e
i=1

where £ represents the loss function.

In the classification task under noisy labels, the training data set is denoted as D =
{(x4, yi)}f.i |» Where §; refers to the (possibly noisy) label of the ith sample. Each sample in
D is independently drawn from a joint distribution P(X,Y) defined over the space X x Y,
where Y represents the noisy label space. The corresponding empirical risk is then defined

as:

N
Riy(f) = B L (G fG)] = 12 D £ (G fx) @)
i=1
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During model training, B samples are randomly selected (typically without replacement)
from D to form a mini-batch B, at iteration ¢, where B; = {(x;, yi)}f; , and |B;| = B. The
model parameters O, at iteration ¢ are updated based on the gradient computed from the

mini-batch B;, using the following update rule:

1 B
O =0, -V (E ; L (i, f(xi))) ; (2.3)

where 7 is the learning rate. Due to the presence of noisy labels, inaccurate gradient
estimations may be introduced during the risk minimization process, thereby rendering the
parameter updates potentially unreliable. Under such circumstances, the model may overfit to
noisy labels or learn spurious patterns introduced by label noise. Therefore, it is essential to

address noisy labels and mitigate their influence for constructing reliable and robust models.

2.2.3 Taxonomy of the Label Noise

Label noise can be categorized according to various criteria (e.g., distribution, dependency,
and cause). In [54], a widely adopted taxonomy of different types of label noise has been
introduced. Specifically, label noise is classified into three categories: i) noise completely at

random (NCAR); ii) noise at random (NAR); and iii) noise not at random (NNAR).

Noise Completely at Random

The NCAR model, also known as symmetric label noise, refers to a noise mechanism in
which the occurrence of label noise is entirely independent of both the input features and the
true labels. In the NCAR setting, the probability of a label being corrupted is uniform across
all data points. If a label is corrupted, an incorrect label is selected uniformly at random
from the remaining classes. Due to its simplicity, NCAR is mathematically tractable and is
frequently adopted for theoretical studies. An example of symmetric label noise is illustrated
in Fig. 2.3, where each label has a fixed probability of remaining correct (i.e., not being
flipped). Nevertheless, NCAR is rarely encountered in real-world scenarios, as it fails to
capture the complexities of real-world data in which label noise often depends on the input

features or the true labels.
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Fig. 2.3 An example of the symmetric label noise.

Noise at Random

The NAR model refers to a type of label noise in which the probability of noise depends
on the true labels but remains independent of the input features. In the NAR setting, noise
patterns are influenced by the characteristics of specific classes, often arising from semantic
similarities or inherent ambiguities among categories. In an NAR data set, certain classes
are more likely to be mislabeled than others. Compared with NCAR, the NAR model more
accurately reflects real-world conditions and has been widely adopted in both theoretical

analyses and practical applications.

Noise Not at Random

The NNAR model refers to a type of label noise in which the probability of noise depends on
both the true labels and the input features. The NNAR model captures the complexities of
real-world data sets, where noise patterns are seldom uniform or purely class-dependent. In
an NNAR data set, specific classes and individual data points are more likely to be mislabeled
than others. Due to its ability to accurately reflect real-world noise distributions, the NNAR
has been extensively studied in various domains [33].

Based on the dependency on the true label and input features, NNAR can be further
categorized into two groups: i) instance-dependent label noise (IDLN) and ii) instance-
independent label noise (IILN). The IDLN represents a realistic and complex form of

label noise in which the noisy labels are influenced by both the true label and the specific
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characteristics of the data instance. The IILN, also referred to as class-dependent label noise
(CDLN), describes a form of noise where the mislabeling probability depends solely on
the true label, regardless of the characteristics of individual instances. Compared to IDLN,
CDLN is less complex and commonly observed in many practical applications, making it a
useful model for describing systematic label noise.

Fig. 2.4 illustrates examples of two widely studied CDLN models: general asymmetric
label noise and pair-flip label noise. As shown in Fig. 2.4a, under general asymmetric
label noise, each label is flipped with a probability that depends on its true class. When
a flip occurs, the new label is selected from a subset of alternative classes according to a
non-uniform distribution, often reflecting inherent confusion or semantic similarity among
classes. Pair-flip label noise constitutes a special case of asymmetric noise, wherein each
flipped label is deterministically assigned to a specific alternative class, rather than being
sampled from multiple candidates. An illustration of pair-flip label noise is provided in

Fig. 2.4b.
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(a) General asymmetric label noise. (b) Pair-flip label noise.

Fig. 2.4 Examples of the general asymmetric label noise and the pair-flip label noise.

2.2.4 LNL Approaches Based on Improving the Label Quality

Improving the label quality of training data is regarded as a direct and intuitive strategy,
which focuses on correcting incorrect labels or selecting clean samples. A brief overview of

recently developed LNL approaches aimed at improving label quality is provided in Table 2.1.
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Table 2.1 Approaches for improving the label quality

Approach Reference
Sample Selection [4,26, 37,49, 51, 53,59, 71,79, 87,92, 100-102, 119, 126, 130, 137, 154, 173, 191, 194, 195, 200, 201, 203-205, 217, 221, 223]
Label Correction [18, 23,24, 72,98, 176, 181, 196, 207]
Selection and Correction [50, 104, 107, 136, 163, 202]

It is worth noting that DNNs have been experimentally observed to memorize easy
samples first and gradually adapt to harder samples as training progresses over multiple
epochs [10, 229]. Remarkably, this phenomenon has been consistently observed regardless
of the optimization techniques or network architectures employed. Moreover, noisy samples
tend to incur higher loss values during the early stages of training, allowing for a distinction
between clean and noisy samples based on their respective loss distributions. To date,
numerous LNL approaches have been proposed to enhance the quality of training data. Based
on their underlying strategies, the LNL methods aimed at improving label quality are mainly
categorized into three groups: i) sample selection, ii) label correction, and iii) a combination

of sample selection and label correction.

Sample Selection

The core idea of sample selection lies in identifying clean samples for model training, with
the aim of mitigating the impact of incorrect labels. The main procedure of a basic sample
selection approach is illustrated in Fig. 2.5. Due to its conceptual simplicity and ease of
implementation, a wide range of sample-selection-based methods has been proposed to

address the noisy label problem.

1. Multiple Network Co-training Strategies Co-training-based methods, which involve
training multiple networks simultaneously, have shown strong robustness to label noise.
Motivated by the notable success of the co-training strategy in semi-supervised learning and
multi-view learning, multiple network structures have been effectively employed to handle
the noisy label problem, demonstrating promising performance across various tasks. In [119],
a novel meta-algorithm named Decoupling has been proposed for tackling label noise. In
this method, the decision of “when” to update the parameters is decoupled from “how” to
update them, which is accomplished by maintaining two networks whose parameters are

updated only when their predictions differ for a given sample. This disagreement-based
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Fig. 2.5 Main procedure of the basic sample selection approach. In sample selection, the loss value of
each sample is computed during the early training stage, and the per-sample loss distribution is
subsequently estimated. Based on this distribution, samples with relatively low loss values are

selected as clean samples and used for model training and downstream tasks.

update strategy is both simple and effective, enhancing robustness to noisy labels without
introducing additional time-consuming procedures during training. However, selection errors
made by the networks may accumulate over time, ultimately leading to a degradation in
overall model performance.

A representative approach named Co-feaching has been proposed in [71] to mitigate the
error accumulation issue observed in Decoupling. In this method, two networks (based on a
Siamese architecture) are trained simultaneously, where each network selects its small-loss
samples to update the parameters of its peer network. This cross-update strategy enables
mutual error correction during the training process, as the two networks possess different
learning capacities and tend to identify different types of errors. Unfortunately, in the later
stages of training, the two networks are likely to converge to a consensus, thereby diminishing

the effectiveness of the strategy. To address this limitation, Co-teaching+ has been introduced
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in [221], combining the disagreement-based updating strategy with the original Co-teaching
framework.

Similar to its predecessor, Co-teaching+ employs the Siamese network architecture and
trains two networks concurrently. In contrast to Co-teaching, where small-loss samples are
directly selected for cross-updating, Co-teaching+ first identifies samples on which the two
networks disagree, and then selects small-loss samples from this subset for cross-update.
By incorporating the disagreement strategy, Co-teaching+ mitigates premature convergence
between the networks and enhances both robustness and generalization performance. The

details of Decoupling, Co-teaching, and Co-teaching+ are illustrated in Fig. 2.6.
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Fig. 2.6 A comparison of the Decoupling, Co-teaching, and Co-teaching+ in a mini-batch during the
training process. In Decoupling, each network is updated by using samples that have prediction
disagreements. In Co-teaching, each network is updated by using small-loss samples selected by its
peer network. In Co-teaching+, each network is updated by using small-loss samples that have
prediction disagreements.

Inspired by agreement maximization, JoCoR [195] has jointly trained two networks
by maximizing agreement between their predictions. A co-regularization term has been
introduced to encourage consistent predictions, and parameter updates have been performed
using small joint-loss samples. Similarly, CoDis [204] has employed a cross-updating
mechanism between two networks, selecting samples with high prediction discrepancies
as likely clean candidates. Co-LDL [173] has integrated co-training with label distribution
learning by using small-loss and large-loss samples for peer exchange and adaptive label

refinement, while also including a self-supervised module to enhance representation learning.
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2. Semi-supervised Learning and DivideMix Variants Semi-supervised learning has
been widely adopted for noisy label learning due to its ability to leverage both labeled and
unlabeled data. DivideMix [101] has modeled loss distributions using Gaussian mixture
models (GMMs) to separate clean and noisy samples, which are then processed using the
MixMatch algorithm. Manifold DivideMix [53] has further enhanced this framework by
learning embeddings through contrastive loss and applying K-nearest neighbors (KNN)
filtering. The MixEMatch method has performed interpolation in both input and latent spaces
for stronger generalization. In [200], early/late dropout regularization has been incorporated
into DivideMix to prevent overfitting during initial training stages.

Other adaptations have included domain-specific extensions, such as INL-SSL in [26],
where MixMatch and dual GMMs have been applied for time-series data with augmentations.
UNICON [92] has addressed class imbalance in sample selection using divergence-based
uniform selection and contrastive loss. MentorNet [87] has dynamically assigned weights to
samples to guide a student network. Similarly, SELF [126] has integrated supervised and

semi-supervised learning via ensemble predictions with a mean teacher model.

3. Contrastive Learning and Representation Robustness Contrastive learning has been
increasingly incorporated into LNL methods to improve robustness against label noise. Sel-CL
[102] has formed confident training pairs by leveraging label agreement and representation
similarity, enhanced by Mixup and semi-supervised learning. MOIT and its refined version
MOIT+ [130] have combined supervised contrastive learning with classification using
interpolation strategies and pseudo-label filtering. CTRL [223] has applied clustering to

training loss values to differentiate clean and noisy samples for re-training.

4. Dynamic Sample Selection and Reweighting Strategies Numerous approaches have
dynamically identified and reweighted training samples to mitigate noise. O2U-Net [79] has
tracked the evolution of sample losses throughout training to identify noisy labels. ITLM [154]
has used iterative trimmed loss minimization for sample selection. BARE [137] has performed
mini-batch-based reweighting using loss statistics without relying on hyper-parameters. PLS
[4] has introduced a pseudo-loss metric and confidence-guided contrastive learning to filter

noisy samples.
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RTME [205] has applied regularly truncated M-estimators to assign adaptive weights to
both small- and large-loss samples, reducing overfitting and preserving potentially useful
information. NoiseBox [51] has combined subset expansion and training modules for efficient
label noise mitigation. GBS and /GBS [203] have applied granular computing to enhance

both noisy and imbalanced classification via selective boundary sampling.

5. Instance-dependent Label Noise (IDLN) Handling Several methods have specifically
addressed the challenges of instance-dependent label noise. T7CP [201] has introduced a
time-consistency prediction metric for clean/noisy sample separation, jointly optimizing a
classifier and a noise-transition estimator. InstanceGM [59] has leveraged a hybrid generative-
discriminative framework with variational autoencoders and DivideMix-inspired training to

improve generalization under IDLN.

6. Open-set and Task-specific Adaptations Sel-CL, MOIT, and RTME have been adapted
for open-set noise scenarios or tailored domains. For example, the iterative framework
named /L in [194] has combined contrastive learning and reweighting for open-set LNL.
A regression-specific method named RNF in [100] has introduced adaptive filtering based
on local density and fitting difficulty using an ensemble mechanism. [37] has proposed
a two-stage framework (LongReMix) combining small-loss clean set identification with
oversampling. ProMix [191] has expanded the clean set with matched high-confidence
samples, while debiasing margin-based loss and employing a semi-supervised framework for

balanced classifier training.

7. Automated and Optimization-based Methods AutoSample [217] has applied automated
machine learning for optimal sample selection. A compact search space has been designed,
and optimization has been guided by stochastic relaxation and Newton’s method, allowing
dynamic and efficient sample selection during training. OT-Filter [49] has employed optimal
transport and Wasserstein distance for robust sample selection, using sparsity regularization

to reduce confirmation bias and improve selection accuracy.
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Label Correction

Despite sample selection, in recent years, label correction has become a popular strategy for
tackling the noisy label problem. Label correction attempts to correct the labels of noisy
samples for the purpose of making use of all the samples in the data set. Fig. 2.7 demonstrates

the main procedure of the basic label correction approach.
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Fig. 2.7 Main procedure of the basic label correction approach. In label correction, label confidence
or consistency is first calculated. Based on this measure and the corresponding model outputs, labels
with low confidence or consistency are then corrected. The samples with corrected labels are
subsequently used for model training and downstream tasks.

1. Joint Optimization of Labels and Network Parameters Several approaches have
addressed label noise by iteratively refining both model parameters and labels within a
unified optimization process. In [176], a joint optimization framework (JOF') has been
proposed in which both labels and network parameters have been refined iteratively. A
regularization term has been introduced to avoid trivial solutions in the label space, and

high learning rates have been applied to prevent overfitting to noisy labels. Similarly, [207]



2.2 Data Imperfections and Weakly Supervised Learning 25

has presented a probabilistic graphical model (PGM) integrated with CNNs, where the
expectation-maximization (EM) algorithm has been employed to iteratively refine true labels
and update network parameters. These frameworks have effectively captured the mutual

dependency between label quality and model learning dynamics.

2. Influence-based and Meta-learning Strategies for Label Correction Label noise has
also been addressed by estimating the impact of individual samples on model behavior. In [72],
a label detection and correction method /FFDC has been proposed using the influence function
and cross-entropy loss to detect noisy labels, which have then been corrected and reintegrated
during training. RDIA [98] has built upon this idea by directly using influence analysis
to relabel noisy samples, mitigating both label noise and distributional bias. A scalable
variant has also been introduced to improve efficiency on deep models. In contrast, DMLP
[181] has separated representation learning from label correction to prevent interference
between feature extraction and label purification. A self-supervised pre-training phase and
dual-process correction mechanism have been incorporated for enhanced robustness and

computational efficiency.

3. Embedding-aware and Contrastive Learning Methods Embedding-based strategies
have been proposed to improve label quality by exploiting feature representations. The SERA
framework [18] has used a shared embedding space where an autoencoder, classifier, and
clustering module have been jointly trained. Noisy labels have been dynamically corrected
through iterative refinement without requiring prior knowledge of the noise level. Likewise,
SNSCL [196] has introduced a supervised contrastive learning framework that is tolerant to
stochastic noise. A noise-aware contrastive loss has been used along with a momentum queue
update mechanism. Probabilistic feature embeddings have been generated without relying on

hand-crafted augmentations, improving generalization and label correction accuracy.

4. Graph-based and Structure-aware Correction Methods Structural information such
as graph topology has also been leveraged to enhance label correction. ERASE [23] has
introduced a robust training objective by maximizing coding rate reduction and has performed
noise-tolerant learning in two phases. The first phase has applied structural denoising based

on graph topology to pre-correct labels, and the second has used semantic label propagation
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to refine node representations during training. This two-stage approach has improved both

structural consistency and semantic accuracy in graph-based tasks.

5. Fairness-aware and Confidence-based Label Correction Addressing label noise
in imbalanced or biased settings has also received attention. In [24], a label correction
strategy (F'LC) has been proposed for imbalanced subpopulations using a feature-based label
confidence estimation metric. Samples with low-confidence labels have been corrected, and
training has been performed with distributionally robust optimization to enhance both fairness
and robustness. This method has been particularly well-suited for scenarios where label noise

is unevenly distributed across subgroups.

Selection and Correction

It is worth noting that the combination of sample selection and label correction has also
become a widely adopted strategy in LNL. This integrated approach enables more effective
sample utilization and mitigates the issue of limited clean samples, and has been increasingly

applied in recent LNL methods.

1. General Frameworks Combining Sample Selection and Label Correction Several
approaches have integrated sample selection with label correction in a unified framework to
simultaneously identify reliable samples and correct noisy labels, thereby improving training

efficiency and model robustness.

* SSR (Sample Selection and Relabeling) [50] has introduced a hybrid framework
for handling unknown label noise. Sample selection has been carried out using a
non-parametric KNN classifier, while relabeling has relied on a parametric classifier.
An optional feature consistency regularization term has been included to enhance

robustness under noisy conditions.

* RUC (Robust Learning with Unsupervised Confidence) [136] has served as an add-on
method to refine predictions from unsupervised learning algorithms. Clean samples
have been identified using various strategies (confidence-based, metric-based, and
hybrid), and label correction has been performed using a refined classifier. Co-training

and label smoothing have been further used to reduce overfitting.
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e DISC (Dynamic Instance-Specific Selection and Correction) [104] has proposed a
dynamic thresholding mechanism for adaptive sample selection based on confidence
momentum. A multi-view learning strategy has been employed for label correction
using weak and strong augmentations. Data have been categorized into clean, hard,
and purified subsets, with tailored regularization applied to each to optimize training

under noise.

2. Graph-based Sample-Label Joint Correction Approaches Structural information
in graph-structured data has also been leveraged to combine sample selection with label
correction. In this context, GNN Cleaner [202] has been designed for graph data with noisy
labels. A modified label propagation algorithm has been used to generate pseudo-labels
informed by graph topology. These pseudo-labels have facilitated both dynamic sample
selection and label correction. The method has been made compatible with a range of GNN

architectures, enhancing scalability and robustness.

3. Stage-wise Learning Pipelines with Combined Strategies Some approaches have
adopted multi-stage learning pipelines that explicitly separate phases for selection, correction,

and training while integrating them into a cohesive framework.

* TSNT (Two-Stage Noise-Tolerant Framework) [107] has proposed a two-stage LNL
approach. In the first stage, clean samples have been selected based on consistency
between original and predicted labels using a self-refining strategy and a dynamic mask
loss. The second stage has used co-training of dual networks for mutual correction of
noisy labels. Additional mechanisms such as rectified cross-entropy loss, Kullback-
Leibler (KL) divergence for mutual information, and a noise-robust triplet loss have

been incorporated to further improve reliability and feature discrimination.

* TSBF (Three-Stage Bootstrap Framework) [163] has targeted the IDLN setting without
requiring clean labels. In stage one, self-supervised pre-training and early stopping
have been used to identify clean samples. In stage two, clean samples have been
used to bootstrap label relationships and relabel the remaining data using semi-

supervised learning. In stage three, the classifier has been trained on the relabeled
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data. This approach has effectively balanced noisy samples and integrated LNL with

semi-supervised learning in an end-to-end pipeline.

2.2.5 LNL Approaches Based on Developing the Noise-resistant Model

Rather than improving the label quality of training data, developing noise-resistant models
has emerged as an effective alternative strategy for addressing label noise. Based on their
underlying methodologies, the reviewed approaches for constructing noise-resistant models
in this paper are primarily categorized into four groups: 1) adjusting model architecture;
ii) designing robust loss functions; iii) incorporating regularization techniques; and iv)
developing specialized training schemes. A summary of the reviewed approaches for building

noise-resistant models is provided in Table 2.2.

Table 2.2 Approaches for developing noise-resistance models

Approach Reference
Adjusting Model Architecture [20, 63, 216, 220]
Designing the Loss Function [9,44,75, 117,138, 174, 215]
Introducing Regularization into the Model [47, 48, 81, 108, 182, 222, 238]
Developing the Training Scheme [67,70, 116, 234, 235]

Adjusting Model Architecture

In recent years, some approaches have been presented to address the noisy label problem by
adjusting the model architecture [63, 216, 220]. In [216], a quality embedding model has
been proposed to alleviate the impact of noisy labels, where a quality variable is introduced
to measure label trustworthiness and is embedded into different subspaces for effective
supervision. A contrastive-additive noise network (CAN) is also developed to enhance the
training quality, where a contrastive layer is utilized to estimate the quality variable and an
additive layer is employed to combine noisy and predicted labels for robust learning.

A robust framework called coupled mix for graph contrast (OMG) for graph classification
under label noise has been presented in [220], where the graph contrastive learning is
combined with coupled Mixup and neighbor-aware noise removal. To further improve the

representation learning performance, the Mixup augmentation is utilized to create challenging
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positive and negative pairs. In addition, the curriculum-inspired noise filtering is employed
to reduce noise-induced overfitting.

So far, incorporating a noise adaptation layer into the model has been demonstrated by
numerous studies to be an effective and reliable approach for handling the label noise. In
[63], a noise adaptation layer for DNNs (NA-DNN) has been introduced to model the label
noise and learn the transition from true labels to noisy labels. The developed framework
jointly optimizes the noise model and the classifier using a neural-network-based optimization
strategy instead of traditional EM methods to further improve efficiency and scalability.

An attention-based pseudo-label propagation network (APPN) has been developed in
[20] for few-shot learning in the presence of noisy labels, where an attention-mechanism-
based feature extraction module and a multi-step noise detection module are designed. An
optimized method is also proposed for improving the label propagation accuracy and overall

performance.

Loss Function

The loss function is used to guide the optimization process, which plays a critical role during
model training. In the past few years, a lot of approaches have been developed, which aim
to modify the loss function of the model to further improve the model performance in the

presence of noisy labels [75, 117, 174].

1. Robust Loss Functions for Direct Noise Suppression In [75], a bounded neural network
(BNN) has been designed to handle the noisy label problem in fault diagnosis, where a
Box-Cox loss function is introduced to improve the label noise tolerance of BNN, and a
bounded loss function is proposed to avoid overfitting from noisy labels. Furthermore, a
surrogate training strategy based on an alternative convex search is employed to ensure the
stability of the model in the early stage of training.

A curriculum loss has been introduced in [117] as a tighter and more robust version of
the 0-1 loss to reduce the impact of noisy labels. A noise-pruned curriculum loss (NCL) is
also proposed to handle data sets with high levels of label noise by automatically pruning

noisy samples based on their loss values.
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Two robust loss correction methods named Backward Correction and Forward Correction
have been put forward in [138] for training DNNs on noisy labeled data sets, where a noise
transition matrix is applied to adjust the loss function to ensure the robustness of the model.
Specifically, a practical algorithm is introduced for estimating the noise transition matrix in

multi-class settings.

2. Self-supervised and Metric-based Loss Formulations In [174], a novel framework
named Co-learning has been proposed, where supervised learning and self-supervised
learning are combined to handle noisy labels. To be specific, the intrinsic similarity and
structural similarity within the training data are employed in loss calculation to align
supervised and self-supervised tasks to enhance the robustness without requiring noise rate
estimation or clean validation sets.

An adaptive hierarchical similarity metric learning (AHSML) method is proposed for
LNL in [215], where two noise-intensive information, named class-wise divergence and
sample-wise consistency are introduced. To be specific, the class-wise divergence is calculated
based on the average intra-class similarity and inter-class similarity to measure the similarity
between different classes for capturing hierarchical relationships and structured feature
embeddings. The sample-wise consistency is utilized to enhance the model’s robustness by
ensuring that augmented versions of the same sample produce similar feature representations.
The proposed method dynamically assigns adaptive hierarchical margins to sample pairs
instead of relying on fixed binary similarity, which improves its robustness against noisy

labels.

3. Probabilistic and Meta-learned Loss Adaptation In [9], a robust framework NMLC
has been developed for handling label noise, where the loss distributions are modeled by a
beta mixture model to distinguish clean and noisy samples. A dynamic bootstrapping loss that
adjusts prediction weights based on noise probabilities is introduced and is integrated with
MixUp augmentation to improve regularization and robustness. The developed framework is
able to dynamically adapt to noise characteristics without requiring a clean validation set.
A noise-aware-robust-loss-adjuster (VARLA) has been presented in [44] to adaptively
predict hyper-parameters for each instance, where the meta-learned functions are integrated

into the training process to enable better suppression of noisy samples and amplification of
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clean samples. A bi-level optimization framework is also developed for training the presented

loss adjuster, which improves its scalability and effectiveness in diverse noise scenarios.

Regularization

Regularization is a class of techniques utilized to prevent overfitting and improve the model’s
generalization ability. In the past few years, a great number of LNL approaches incorporating
regularization techniques have been presented to enhance model robustness against label

noise and improve generalization ability [48, 81, 182].

1. Neighborhood- and Consistency-based Regularization In [81], the NCR has been
introduced for LNL, where the feature-space neighbor relationships are leveraged to improve
label consistency and reduce noise impact. In NCR, the model predictions are encouraged to
align with those of neighboring samples, which reduces reliance on noisy labels and improves
generalization. The NCR can be integrated smoothly into standard training workflows, which
avoids the need for complex multi-stage setups.

A consistent graph neural network (CGNN) has been put forward in [222] for addressing
node classification in graphs in the presence of noisy labels, where the graph contrastive
learning is applied as a regularization term to improve the robustness of node representations
to label noise. In addition, a homophily-based noise removal strategy is put forward to

identify and purify noisy nodes to ensure efficient semantic graph learning.

2. Distribution-aware and Geometry-aware Regularization The WAR has been proposed
in [48], where the Wasserstein distance is employed to incorporate class geometry into
adversarial regularization. WAR adjusts the regularization strength based on class simi-
larity, thereby encouraging smoother decision boundaries while preserving robustness for
overlapping classes.

In [47], a leave-noise-out regularization (LNOR) has been proposed to mitigate the
influence of noisy samples. To be specific, a novel framework using cross-augmentation
matching is developed to distinguish noisy samples in tail classes. Besides, an online
prediction penalization is designed to address the class imbalance problem by dynamically

rebalancing training data.
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3. Temporal and Self-supervised Regularization An early-learning regularization (ELR)
framework has been put forward in [108] to prevent DNNs from memorizing noisy labels by
making use of the early-learning phenomenon. The ELR adjusts model training dynamically
with a regularization term based on previous predictions of the model to improve the model’s
robustness against label noise.

In [182], a self-supervised adversarial noisy masking (SANM) framework has been
developed, where the adversarial noisy masking and the self-supervised reconstruction are
combined to handle noisy samples and provide noise-free auxiliary information, respectively.
To be specific, the adversarial noisy masking strategy applies different mask ratios to noisy and
clean samples based on a noise estimation model to ensure reliable learning. A decoder-based
auxiliary task is introduced in self-supervised reconstruction to reconstruct original images
from masked inputs to improve generalization. The noisy label regularization is applied to

penalize overconfident predictions to enhance robustness against label noise.

4. Sparsity-based Regularization In [238], sparse regularization (SR-LNL) has been
deployed to the network outputs with the aim of enhancing the model’s robustness. The output
sharpening and /,-norm regularization are employed to promote sparsity while maintaining
the model’s learning ability. Theoretical analysis has been provided to prove that any loss
function can be made robust against noisy labels by restricting the network output to a

permutation set over a fixed vector and satisfying the symmetric condition for robustness.

Training Strategy

The training strategy plays a crucial part in DL as it defines the methods and approaches
employed to train a model effectively, which ensures both the generalization ability and

efficiency of the model.

1. Curriculum Learning Strategies In [67], a scalable framework called CurriculumNet
has been developed for handling noisy labels by utilizing curriculum learning. Specifically,
a novel curriculum learning strategy is designed, where data complexity is ranked in an

unsupervised manner using density-based clustering. The model is then trained sequentially,
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where the training process starts with simple and clean data and gradually incorporates noisy

and complex data.

2. Meta-learning and Consistency-based End-to-End Training In [235], an LNL frame-
work with an efficient end-to-end training process (ETE-LNL) has been designed, where the
data reweighting, relabeling, and supervised learning are integrated during model training.
Specifically, a small trusted clean data set is utilized to optimize the sample weights and
pseudo-labels via meta-reweighting and meta-relabeling methods, respectively. In addition,
augmentation techniques and consistency regularization are employed to improve pseudo-
label initialization, thereby generating sharp and reliable label estimates even in high-noise

scenarios.

3. Adversarial Training in Federated Learning A generative adversarial framework
(GA-LNL) has been proposed in [70] for training noise-robust classifiers in federated learning
by simulating label poisoning attacks. Both the CDLN and IDLN are applied to create
poisoned data sets to improve the performance of adversarial training and enhance the

resilience of the global model.

4. Prototype-based Co-training with Contrastive Learning In [234], a novel LNL
framework named RankMatch has been proposed, which makes use of both confidence and
consistency to train deep neural networks. To be specific, a confidence-based strategy is
introduced for identifying clean samples, which first identifies high-confidence prototypes for
each class and then determines whether a sample’s label is correct based on its agreement
with the closest prototypes. A rank contrastive loss is designed to enhance representation
learning and keep consistency among similar samples by using the rank statistics of principal
features. The clean and noisy samples are then trained simultaneously in a co-training manner

using a joint loss function to improve the model’s robustness and generalization ability.

5. Post-hoc Statistical Correction A per-class statistic estimation (PCSE) method has
been proposed in [116] for estimating clean per-class statistics from noisy labeled data, where
a mathematical relationship between noisy and clean statistics is established to provide strong

theoretical guarantees and scalability to real-world noisy data sets. The PCSE serves as a
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general post-processing method, which can be applied to various popular networks pre-trained

on the noisy data set to boost their classification performance.

Other Emerging Strategies for Learning with Noisy Labels

Apart from the above-mentioned two categories of approaches, many other strategies have
been recently proposed to deal with noisy label problems [80, 230].

In [80], a twin contrastive learning (7CL) framework has been developed for classification
under noisy labels, where contrastive learning with MixUp augmentation is applied for
robust representation learning. To be specific, GMMs are employed for noise detection, and
cross-supervision with entropy regularization is utilized to refine noisy labels. The TCL
detects noisy labels as out-of-distribution samples and aligns embeddings with clean targets
to alleviate the noise impact effectively.

A novel and challenging type of label noise named BadLabel has been designed in [230],
where the labels are flipped away from class boundaries and the noisy and clean labels
are indistinguishable. To deal with BadLabel, a Robust DivideMix approach has also been
proposed in [230], where adversarial label perturbation and Bayesian GMMs are employed
for noise detection and model training.

A meta-learning framework named variational rectification inference (VRI) has been
proposed in [170], where the adaptive rectification of loss functions is formulated as an
amortized variational inference problem. The hierarchical Bayesian modeling, evidence
lower bound optimization, and bi-level learning are integrated to reduce noise effects and

prevent model collapse.

2.2.6 Comparative Summary

In this subsection, a systematic overview of reviewed LNL approaches is provided to facilitate
a clear and structured comparison of their experimental settings and applicability, which is
summarized in Table 2.3. The table compares different methods in terms of their application
domains, evaluated data sets (including public and private data sets), noise types, and the
highest noise ratios considered in the experiments. This summary provides a structured view

of how existing LNL approaches are evaluated under different noisy-label settings.
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Table 2.3 Comparative summary of selected LNL approaches in terms of application domains, data
sets (public and private), noise types, and maximum noise ratios.

) Data Set ) ) o
Category Approach Domain T rvaeDanse | Noise Type Highest Noise Ratio
Decoupling [119] Image Analysis MNIST, LFW x NCAR 40% (NCAR)
Co-teaching [71] Image Analysis MNIST, CIFAR-10/100 x NCAR,CDLN  50% (NCAR), 45% (CDLN)
. ) MNIST, CIFAR-10/100, Tiny-ImageNet, NEWS,
- ot [2 a sis To
Co-teaching+ [221] Image Analysis, NLP ImageNet-32, SVHN x NCAR, CDLN  50% (NCAR), 45% (CDLN)
JoCoR [195] Image Analysis MNIST, CIFAR-10/100, ClothingIM x NCAR, CDLN 8% (NCAR), 40% (CDLN)
L o Food-101, Clothing 1M, WebVision, b o . .
CoDis [204] Image Analysis, NLP MNIST. CIFAR-10, SVHN, NEWS x NCAR,CDLN  80% (NCAR), 45% (CDLN)
Co-LDL [173] Image Analysis CIFAR-100, Web-Aircraft, Web-Car, Web-Bird x NCAR,CDLN  80% (NCAR), 50% (CDLN)
DivideMix [101] Image Analysis CIFAR-10/100, ClothingIM, WebVision x NCAR,CDLN  90% (NCAR), 40% (CDLN)
P N ) CIFAR-10/100, Clothing M, .
Manifold DivideMix [53] Image Analysis WebVision, Mini ImagoNet x NCAR,CDLN  90% (NCAR), 40% (CDLN)
DivideMix with Dropout [200] Image Analysis CIFAR-10/100, ClothingIM x NCAR, CDLN  80% (NCAR), 40% (CDLN)
INL-SSL [26] Time-series Analysis CWRU v NCAR 90% (NCAR)
UNICON [92] Image Analysis CIFAR-10/100, Tiny-ImageNet, Clothing IM, WebVision x NCAR,CDLN  90% (NCAR), 40% (CDLN)
MentorNet [87] Image Analysis CIFAR-10/100, ImageNet x NCAR 80¢% (NCAR)
SELF [126] Image Analysis CIFAR-10/100, ImageNet x NCAR,CDLN  80% (NCAR), 40% (CDLN)
Sel-CL [102] Image Analysis CIFAR-10/100, ImageNet, WebVision x NCAR,CDLN  90% (NCAR), 40% (CDLN)
MOIT & MOIT+ [130] Image Analysis CIFAR-10/100, Mini-ImageNet, Mini-WebVision x NCAR,CDLN  80% (NCAR), 40% (CDLN)
Sample Selection Image Analy: CIFAR-10/100, ANIMAL-10N, Food-101/10IN, F-MNIST
CTRL [223] Tabular Data Analysis Cardiotocography, Credit Fraud, Human Activity, Letter. x NCAR, CDLN  40% (NCAR), 40% (CDLN)
Mushroom, Satellite, Sensorless Drive
02U-Net [79] Image Analysis CIFAR-10/100, Mini-ImageNet, ClothingIM x NCAR,CDLN  80% (NCAR), 38% (CDLN)
ITLM [154] Image Analysis CIFAR-10, MNIST x NCAR,CDLN  70% (NCAR), 40% (CDLN)
BARE [137] Image Analysis CIFAR-10, MNIST x NCAR,CDLN  70% (NCAR), 45% (CDLN)
PLS [4] Image Analysis CIFAR-100, Miny-ImageNet x NCAR 80% (NCAR)
. MNIST, CIFAR-10/100, NEWS, SVHN, Food-101, NCAR, CDLN,  50% (NCAR), 45% (CDLN),
RTME [205] [mage Analysis ClothingIM, CIFAR-10N/100N x IDLN 509% (IDLN)
. R CIFAR-10/100, Mini-ImageNet, Clothing 1M, . .
NoiseBox [51] Image Analysis WebVision, ANIMAL. 10N x NCAR,CDLN  90% (NCAR), 40% (CDLN)
Fourclass, Svmguidel, Diabetes, Breastcancer,
GBS & IGBS [203] Tabular Data Analysis Sonar, Splice, Votes, Cleanl, Isolet5, Codrna, Tjcnn1, x NCAR 40% (NCAR)
Mushrooms, CreditApproval, Smguide3,
TCP [201] Image Analysis F-MNIST, SVHN, CIFAR-10/100, CIFAR-10N/100N X IDLN 50% (IDLN)
InstanceGM [59] Image Analysis CIFAR-10/100, ANIMAL- 10N, Red Mini-ImageNet, Clothing 1M x IDLN 80% (IDLN)
IL[194] Image Analysis CIFAR-10 x CDLN 40% (CDLN)
Airquality, Autompg8, Bikesharing, Ele-2,
RNF [100] Tabular Data Regression Forestfires, Friedman, Gasturbine x NCAR 50% (NCAR)
CNNpred, Compactiv, Concrete, Facebook,
) . ) CIFAR-10/100, Red Mini-ImageNet, ClothingIM,
LongReMix [37] Image Analysis WebVision. Food- 101N x NCAR,CDLN  90% (NCAR), 49% (CDLN)
ProMix [191] Image Analysis CIFAR-10/100, Clothing]1M, ANIMAL-10N, CIFAR-10N/100N X NCAR, CDLN 90% (NCAR), 50% (CDLN)
AutoSample [217] Image Analysis CIFAR-10/100, MNIST x NCAR, CDLN  50% (NCAR), 45% (CDLN)
OT-Filter [49] Image Analysis CIFAR-10/100, ClothingIM, ANIMAL-10N x NCAR,CDLN  90% (NCAR), 40% (CDLN)
JOF [176] Image Analysis CIFAR-10, ClothingIM X NCAR, CDLN  90% (NCAR), 50% (CDLN)
PGM [207] Image Analysis CIFAR-10 v CDLN 509% (CDLN)
IFDC [72] Image Analysis DDSM v CDLN 50% (CDLN)
Image Analysis MNIST, CIFAR-10,
fiteo (1%), Av g ; .
RDIA [98] Tabular Data Analysis Covtype. Criteo (1%), Avazu, Breast-cancer, Diabetes, x NCAR 80¢% (NCAR)
News20, Adult, Real-sim
Label Correction DMLP [181] Image Analysis CIFAR-10, CIFAR-100, Tiny-ImageNet, Clothing IM, WebVision x NCAR,CDLN  90% (NCAR), 40% (CDLN)
. . . ArrowHead, CBF, Epilepsy, FaceFour, MelbourneP, .
SERA [18] Time-series Analysis NATOPS, OSULeat. Blane, Symbols, Trace v NCAR,CDLN  60% (NCAR), 40% (CDLN)
NS N Stanford Dogs, Stanford Cars, Aircraft, CUB-200-2011, . e .
SNSCL [196] Image Analysis Clothing.IM, Food. 100N x NCAR,CDLN  40% (NCAR), 30% (CDLN)
ERASE [23] Image Analysis Cora, CiteSeer, PubMed, CoraFull, OGBn-arxiv x NCAR,CDLN  50% (NCAR), 50% (CDLN)
FLC [24] Image Analysis Waterbirds, CelebA, CIFAR-10/100, Mini-WebVision, ANIMAL-10N v NCAR,CDLN  90% (NCAR), 40% (CDLN)
SSR [50] Image Analysis CIFAR-10/100, ClothingIM, WebVision, ANIMAL-10N x NCAR,CDLN  90% (NCAR), 40% (CDLN)
Selection RUC [136] Image Analysis CIFAR-10/20, STL-10, ImageNet-50 x IDLN, CDLN N/A
. ) CIFAR-10/100, Tiny-ImageNet, ANIMAL-10N, Food-101N, NCAR, CDLN, ~ 50% (NCARY), 45% (CDLN),
& DISC [104] Image Analysis WebVision, ClothingIM x IDLN 60¢% (IDLN)
Correction GNN Cleaner [202] Image Analysis Cora, CiteSeer, PubMed, OGB-Arxiv, Clothing 1M, WebVision x NCAR,CDLN  80% (NCAR), 40% (CDLN)
TSNT [107] Image Analysis Market1501, DukeMTMC-RelD, CUHKO03 X CDLN 60% (CDLN)
) A . ) NCAR, CDLN, ~ 90¢% (NCAR), 40% (CDLN),
TSBF [163] Image Analysis CIFAR-10/100, ANIMAL-10N, Mini-WebVision x DN 35% (IDLN)
CAN [216] Image Analysis WEB, AMT, VOC2007, VOC2012, SD4 X NCAR, CDLN N/A
— R MUTAG, PTC, COX2, NCI1, PROTEINS,
Model Architecture OMG [220] Image Analysis PROTEINS. F. IMDB.B, IMDB.M x NCAR 50% (NCAR)
NA-DNN [63] Image Analysis MNIST, CIFAR-100 x CDLN 50% (CDLN)
APPN [20] Image Analysis CIFAR-FS, FC100, minilmageNet, tieredImageNet x CDLN 40% (CDLN)
BNN [75] Image Analysis x v NCAR 40% (NCAR)
NCL [117] Image Analysis MNIST, CIFAR-10/100, Tiny-ImageNet x NCAR,CDLN  60% (NCAR), 37% (CDLN)
Backward/Forward Correction [138]  Image Analysis, NLP MNIST, IMDB, CIFAR-10, CIFAR-100, ClothingIM x NCAR,CDLN  20% (NCAR), 60% (CDLN)
Loss Function Co-learning [174] Image Analysis CIFAR-10/100, ANIMAL- 10N, Food-10IN x NCAR,CDLN  80% (NCAR), 40% (CDLN)
AHSML [215] Image Analysis Cars196, CUB-200-201 1, Stanford Online Products x NCAR 70% (NCAR)
NMLC [9] Image Analysis CIFAR-10/100, Tiny-ImageNet, Clothing 1M x NCAR 90% (NCAR)
. CIFAR-10/100, Tiny-ImageNet, ANIMAL-10N, NCAR, CDLN,  60% (NCAR), 60% (CDLN),
NARLA [44] Image Analysis Food-101N, Mini-WebVision x IDLN 509% (IDLN)
NCR [81] Image Analysis CIFAR-10/100, Mini-ImageNet, WebVision, ClothingI M x NCAR,CDLN  90% (NCAR), 40% (CDLN)
CGNN [222] Image Analysis Amazon Photo, Amazon Computers, Coauthor CS X NCAR, CDLN 20% (NCAR), 20% (CDLN)
WAR [48] Image Analysis F-MNIST, CIFAR-10/100, Clothing M, ISPRS Vaihingen x CDLN 40% (CDLN)
Regularization LNOR [47] Image Analysis CIFAR-10/100, MNIST, F-MNIST, Clothing IM x NCAR,CDLN  20% (NCAR), 20% (CDLN)
ELR [108] Image Analysis CIFAR-10/100, Clothing 1M, Mini-WebVision x NCAR,CDLN  90% (NCAR), 40% (CDLN)
SANM [182] Image Analysis CIFAR-10/100, ClothingIM, ANIMAL-10N x NCAR,CDLN  90% (NCAR), 40% (CDLN)
SR-LNL [238] Image Analysis MNIST, CIFAR-10/100, WebVision x NCAR,CDLN  80% (NCAR), 40% (CDLN)
CurriculumNet [67] Image Analysis WebVision, ImageNet, Clothing 1M, Food-101 x CDLN 50% (CDLN)
ETE-LNL [235] Image Analysis CIFAR-10/100, WebVision, Clothing 1M, Food-101N x NCAR,CDLN  80% (NCAR), 80% (CDLN)
Training Strategy GA-LNL [70] Tabular Data Analysis UNSW-NBI5, NIMS x CDLN 40% (CDLN)
RankMatch [234] Image Analysis CIFAR-10/100, ClothingIM, WebVision x NCAR,CDLN  90% (NCAR), 40% (CDLN)
PCSE [116] Image Analysis CIFAR-10/100 x NCAR,CDLN  60% (NCAR), 40% (CDLN)
TCL [80] Image Analysis CIFAR-10/100, WebVision, Clothing 1M x NCAR,CDLN  90% (NCAR), 40% (CDLN)
Others - N ) : ! ) NCAR, CDLN,  80% (NCARY), 40% (CDLN),
Robust DivideMix [230] Image Analysis CIFAR-10/100, MNIST, CIFAR-10N, Clothing 1M x DN $0% (DLN)
. CIFAR-10/100, ClothingIM, Food-101N, NCAR, CDLN,  60% (NCAR), 60% (CDLN),
VRI[170] Image Analysis ANIMAL-10N, CIFAR-80N x IDLN 409% (IDLN)

Note: N/A indicates that the corresponding information is not reported.
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2.2.7 LNL in Real-world Applications

In this subsection, several selected real-world applications of LNL are categorized into four
classes and reviewed, including image analysis, NLP, time-series analysis, and other emerging

applications.

Image Analysis

Image analysis has been employed in numerous real-world applications and has remained
a critical research direction in computer science. In this domain, visual patterns constitute
essential features for analyzing and understanding the structural characteristics of data.
However, the presence of noisy labels in image data has caused models to learn inaccurate
visual patterns across different classes, thereby reducing overall model performance. Fig. 2.8
presents detailed information regarding the noisy label problem in image analysis, including
the underlying causes of label noise, typical forms of noisy labels, and prevalent application
areas affected by label noise. In recent years, a variety of LNL approaches have been proposed

to address the noisy label issue in practical image analysis tasks [128, 139, 233].
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1. Image Analysis in Healthcare Image data has been extensively used in the field of
healthcare, supporting a wide range of critical applications. Healthcare has relied heavily
on various image analysis technologies to diagnose, monitor, and treat diseases. With the
advancement of DL techniques, image analysis has become a powerful tool in healthcare.
Nevertheless, the presence of noisy labels in data sets has led to erroneous diagnoses.
Therefore, it is essential to address such issues to ensure the reliability and accuracy of image
analysis tasks in healthcare [55, 97, 139].

In [139], a robust multi-label classification framework for chest X-ray interpretation
with uncertain labels has been developed, which has demonstrated the potential to assist
radiologists in diagnosing thoracic diseases more accurately and efficiently. In [97], a
novel unsupervised-learning-based framework has been proposed for medical image-to-image
translation, where a registration network has been employed to adaptively manage images with
noisy labels. An iterative learning framework has been proposed in [211] for the classification
of skin lesion images with label noise. In [55], a weakly supervised learning model has been
introduced for the classification of aortic valve malformations. A noise-robust framework
has been developed in [188] for segmenting COVID-19 pneumonia lesions from CT scans,
which has improved segmentation performance under noisy label conditions. In [90], a
dual-uncertainty-based framework has been proposed to address the label noise problem in
medical image classification, where two common types of label noise (i.e., disagreement
noise and single-target noise) have been considered. In [155], a graph temporal ensembling
method has been developed for robust histopathology image classification in the presence of
noisy labels, where a self-ensembling deep architecture has been adopted to combine labeled

and unlabeled data while enhancing robustness to label noise.

2. Image Analysis in Industry In industrial domains, image analysis has played a transfor-
mative role in automating tasks, improving efficiency, and driving innovation. It has been
considered vital to detect and manage label noise in data sets to ensure the quality of image
analysis tasks, thereby further reducing operational costs and enhancing overall efficiency
and accuracy in industrial applications. To date, a number of approaches have been proposed

to address label noise issues in industrial image analysis tasks [128, 175, 231].
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In [128], a novel framework has been developed for surface defect detection under the
challenge of noisy labels, where rough set theory and Bayesian neural networks have been
employed to capture uncertainty in noisy labels for robust detection. A robust framework
for defect classification in noisy industrial data sets has been proposed in [175], in which a
memory-augmented autoencoder with sparse addressing and trust-region updates has been
adopted to enhance noise resilience. In [231], a robust DL framework named adaptive
loss-weighted meta-ResNet has been introduced for fault diagnosis of wind turbine gearboxes
under noisy label conditions, where a meta-learning strategy has been utilized to adaptively

reweight the loss function to improve model robustness and diagnostic accuracy.

3. Image Analysis in Person Identification Person identification is a popular application
area that identifies or verifies a person based on their features. It is worth mentioning that the
performance of person identification heavily relies on the quality of labels in the training
data set. In recent years, many approaches have been developed to handle the noisy label
problems in person identification [107, 218, 232, 233].

In [233], a novel method named erasing attention consistency has been put forward
to address noisy label problems in facial expression recognition, where an imbalanced
framework with a consistency regularization mechanism has been employed to automatically
suppress noisy samples during training. A novel framework based on graph convolutional
networks has been proposed in [232] for cleansing large-scale face recognition data sets with
noisy labels, where a cascaded global-to-local approach has been used to identify and remove
noisy samples, thereby improving data quality and enhancing face recognition performance.

In [218], a collaborative refining framework has been presented to improve person
re-identification under label noise, where self-label refining and online co-refining strategies
have been employed to iteratively improve labels and network predictions in a collaborative
manner. A robust framework has been developed in [219] for person re-identification under
noisy label conditions, where joint label refinement and hard-aware instance reweighting
have been applied to improve model robustness and re-identification performance. In [31], a
part-based pseudo-label refinement framework has been proposed to address unsupervised

person re-identification with noisy pseudo-labels effectively. In [107], the TSNT framework
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has been employed for person re-identification under noisy labels, and it has demonstrated

satisfactory performance under various noise conditions.

4. Image Analysis in Other Fields Besides the aforementioned application scenarios,
numerous approaches have recently been introduced for image analysis tasks under noisy
label conditions in various other fields [86, 210].

In [86], a robust label noise cleansing framework based on multilayer spectral-spatial
graphs has been developed for hyper-spectral image classification, where spectral and spatial
priors have been employed to formulate the noisy label cleansing as an optimization problem
regularized by graph constraints. A multiscale superpixel segmentation has also been
incorporated to enhance classification accuracy in noisy environments. In [210], a robust
DL framework named dual-channel residual network has been proposed for hyper-spectral
image classification under noisy label conditions, in which a dual-channel architecture and a
noise-robust loss function have been utilized to alleviate the influence of label noise while

maximizing the utility of mislabeled samples.

Natural Language Processing (NLP)

NLP is a prominent research area in artificial intelligence, which aims to enable computers to
understand and analyze human language. In recent years, the utilization of NLP has increased
significantly to meet the demands of tasks such as text analysis and speech recognition. In
NLP, the recognition of semantic patterns is critically important for ensuring robust language
understanding. Nonetheless, the presence of noisy labels may disrupt these patterns, leading
to ambiguous representations and diminishing the model’s ability to accurately interpret
text. In Fig. 2.9, the causes, forms, and application areas of label noise in textual data are
illustrated in detail. To address the label noise problem in NLP, various LNL approaches
have been proposed to date [33, 60].

In [33], pre-trained language models have been employed to identify label errors in
natural language data sets, demonstrating that sorting data points by their out-of-sample
loss during fine-tuning outperforms more complex error detection mechanisms. In [60], a
novel approach has been introduced to handle label noise in text classification tasks, where

a noise modeling method incorporating an auxiliary noise model trained alongside the
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classifier has been employed. This approach addresses both random and input-conditional
label noise by utilizing a denoising loss to enhance classification robustness. In [240], the
robustness of BERT to label noise in text classification tasks has been investigated, and its
performance in combination with noise-handling techniques has been assessed. In [88], a
training framework for DNNs has been developed for text classification with noisy labels,
in which a non-linear noise modeling layer has been applied to enable the network to learn
robust sentence representations under extreme noise conditions. In [27], the robustness of
the in-context learning capabilities of Transformers in the presence of noisy labels has been
examined, focusing on the model’s behavior under varying noise conditions during training
and inference. A novel framework for LNL in sentence-level sentiment classification has
been proposed in [190], where two CNNs have been utilized to estimate the noise transition

matrix and predict clean labels, respectively.

Production of Noisy Labels in Text Data Forms of Noisy Labels in Text Data

D level Classi ion Labels

Human Annotation Errors Data Collection and Quality Issues Linguistic Polysemy and Ambiguity

« Subjective Variability in Interpretation « Various Data Sources « Context Dependency Where is the nearest train station?” Question /'

Event: Rain

“You are unbelievable!” “It is raining outside.” Question x
News: “Rain disrupts traffic.”
[I o o Context Label Sequence Labels
5 Neutral 8%
o o f"? Arguing Negative
o

F “I hate this rain.” “We went to the park yesterday.”
- “He finally showed up.” cSdy  Forum: “I hate this rain.

o
S
& & 828 L Neguive %’}f Celebration Positive We (PRP): Personal pronoun v

went (PRP): Personal pronoun

* Fatigue and Inattentiveness * Different Label Schema « Multiplicity of Word Meanings
@ Data Source Label Schema “I love this rock.” Sentiment Labels
News Positive, Neutral, s Geology  Object T really love this book.” Positive 4
Negative : “I am listening to rock music.”
S Neutral  HE Rock o
o Music “I do not like this movie.” Positive P
EEFD  Forum  Very Positive, Positive, P L P—
& “Absolutely fantastic!” pyery Neual, Negtive, Dhelehip locking)
Very Negative Action / Motion

Applications

* F tti Ei ing Issues
Data Security Issues ormatting and Encoding Issues

“ Text Classification
« Data Poisoning
“ Named Entity Recognition
“I am listening to rock music.” “In this SSIH@L" o)
o
S

::> Text Data with Noisy = Part-of-Specch Tagging
Labels ::>

% ‘% & “ Machine Translation
(o]

“ Information Extraction

Music <= Geology

Fig. 2.9 Causes, forms, and application areas of label noise in text data.

Time-Series Analysis

Time-series data refers to a collection of observations or measurements recorded periodically,
where the order of the data represents the changes over time. So far, time-series analysis has

become a powerful tool in various fields to recognize patterns, trends, and other temporal
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structures in data. It is worth mentioning that in time series analysis, noisy labels can severely
affect the extraction of temporal dependencies, which leads to degraded performance in
forecasting and trend analysis. The causes, forms, and application areas of label noise in time
series data are demonstrated in Fig. 2.10. To further improve the performance of time-series
analysis tasks under noisy labels, a large number of LNL approaches have been presented in
the past few years [18, 26, 113].

In [18], a multi-task DL approach has been developed for time-series classification
with label noise, which addresses challenges caused by noisy sensor readings, particularly
in estimating the power output of combined heat and power machines. In [26], a robust
method has been introduced for fault diagnosis of industrial systems using time-series rolling
element-bearing data in the presence of noisy labels. In [113], a new DL paradigm has been
proposed for time series classification in the presence of noisy labels, where the multi-scale
properties of time series data are utilized and a cross-scale fusion mechanism and graph-based
label correction are employed to enhance the robustness of the classification models. In
[144], a joint learning framework has been introduced for the classification of incomplete
time series with noisy label conditions, which integrates missing data interpolation with
feature learning and classification and employs a robust loss function to reduce the effects of

label noise to enhance classification performance.

Other Applications

Apart from the above-mentioned application areas, a great number of LNL approaches have
been developed for many other real-world applications with noisy label problems [38, 75]. For
example, in [75], a framework for DL-based fault diagnosis in high-speed train components
has been proposed, where a bounded neural network is utilized to address the challenges of
label noise and improve learning robustness in large-scale monitoring data sets. In [38], a
two-stage learning framework has been presented for noisy label learning for security defect
prediction. In [206], a unified noisy pseudo-label learning framework has been proposed
for handling the noisy label problem in semi-supervised temporal action localization, which
contains three main steps, namely noisy label ranking, noisy label filtering, and noisy
label learning to improve pseudo-label quality, address class imbalance, and enhance noise

tolerance. In [237], a graph convolutional label noise cleaner has been designed for video
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Fig. 2.10 Causes, forms, and application areas of label noise in time series data.

anomaly detection with noisy labels, where a graph convolutional network is used to propagate
supervisory signals and refine noisy labels. To summarize, the study of LNL has become
increasingly important due to the high costs of obtaining high-quality labels and the volume

of data required to train effective Al agents is extraordinarily large.

2.3 Hyper-Parameter Optimization

Optimization plays a critical role in a variety of research fields such as mathematics,
economics, engineering, and computer science. Recognizing as a popular class of optimization
techniques, the EC methods have demonstrated competitive performance in effectively tackling
optimization problems in an easy way. So far, the EC methods have been widely applied
in numerous research fields thanks to their strong abilities in finding the optimal solutions
[141]. Among the EC algorithms, some algorithms which are based on biological behaviors
(e.g., the genetic algorithm (GA), the ant colony optimization (ACO) algorithm and the
PSO algorithm) have been well-adopted in a number of research areas, e.g., energy systems,

robotics, aerospace engineering and artificial intelligence.
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As a population-based EC method, PSO is developed on the basis of the mimics of social
behaviors, e.g., the birds-flocking phenomenon and the fish-schooling phenomenon. Notably,
the potential optimization solution is represented by a particle (also called an individual).
During the searching process, each individual learns from the “movement experience” of
itself and others. It should be mentioned that the advantages of PSO can be summarized
into three aspects: 1) the number of parameters required to be adjusted is relatively few; 2)
the convergence rate of the PSO algorithm is relatively fast; and 3) the implementation of
the PSO algorithm is simple [42]. Owing to its technical merits and easy implementation,
PSO has become a widely-used technique for tackling optimization problems in recent years
[11, 17]. In this section, we aim to deliver a comprehensive and timely review of the PSO

algorithms and their applications.

2.3.1 The PSO Algorithms
The Original PSO Algorithm

Original PSO is a prominent EC algorithm, which aims to discover the global optimum in the
problem space by tuning the velocity and position of the particles [45, 95]. Basically, each
element of the swarm is an individual particle serving as a candidate solution. The movement
of each particle is guided by 1) its previous “flying experience” which is the personal best
location (i.e., pbest); and 2) the “group flying experience” which is the global best location
(i.e., gbest) detected by the entire swarm.

All the individuals search the problem space that has D dimensions to seek the optimal
solution. The velocity and position of the ith particle at the kth iteration are denoted by v; x
and x; ¢, respectively. At the beginning, v; ; and x; ; are randomly initialized. During the
evolution process, the velocity and position updating equations of the ith particle are given as
follows:

Vikel = Vig +cir1 (piog — Xik)
+ o (ng - xi,k) (2.4)
Xik+l = Xik T Vik+l
where k denotes the iteration number; c¢; is an acceleration factor named the cognitive

parameter; ¢ is the social acceleration parameter; | and r; are two separate random numbers
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selected within [0, 1]; pi; x represents the personal best location found by the ith particle
itself, which is denoted by pi; x = [piik,pizk, e ,pifk]; pgk represents the global best
location of all the particles, which is denoted by pgr = [pg;. pgi. - ,pgl]. ci and c;
indicate the degree of each particle affected by itself and other particles, respectively [93].
The acceleration coeflicients play an important role in balancing the local discovery and
global search performance, and also have a significant influence on the population diversity,

solution quality, and convergence behavior of the algorithm.

The Basic PSO Algorithm

Original PSO has shown strong abilities in solving optimization problems. Nevertheless,
the particles may be easily trapped in the local optimal solutions. To guarantee the search
performance and balance the global detection and local discovery, the inertia weight w has
been introduced in [157] as an important factor to improve the PSO algorithm, and such a
factor indicates the ability of particles to inherit their previous velocities. The inertia weight
embedded PSO algorithm has been recognized as the basic PSO algorithm. The velocity as

well as the position of the ith particle at the (k + 1)th iteration are expressed as follows:

Vikel = WVik +cirt (piik — Xik)
+cora (pgr — Xik) (2.5)

Xik+1 = Xik + Vi k+1

where w indicates the inertia weight. The basic PSO process is presented in Algorithm 1.

Algorithm 1 The procedure of the basic PSO algorithm

1: Initialize the parameters of the PSO algorithm, including the population size P, inertia
weight w, acceleration coefficients c¢; and c;, and maximum velocity Viax.

2: Set a swarm with P particles.

Initialize the position x; 1, the velocity v; 1, and the personal best p; ; of each particle

(i=1,2,..., P); initialize the global best g; of the swarm.

Calculate the fitness value of each particle.

Update the personal best p; ; of each particle and the global best g4 of the swarm.

Update the velocity v; x and the position x; x of each particle according to Eq. (2.5).

Check whether the maximum number of iterations is reached or the fitness value meets

the threshold; if not, go back to Step 4.

W

A
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2.3.2 Developments of the PSO Algorithm

Similar to most population-based EC algorithms, the PSO algorithm also faces the premature
convergence problem. In this case, it is of practical importance to put forward new
PSO algorithms, especially for solving large-scale optimization problems and multi-modal
optimization problems. In this paper, the reviewed PSO variants can be categorized into
four groups: 1) adjusting the control parameters; 2) developing new updating strategies; 3)
designing various topological structures; and 4) combining with other EC algorithms. In this

section, the aforementioned four types of PSO variants are reviewed and summarized.

Adjusting Control Parameters

In the PSO algorithm, the control parameters refer to the inertia weight and the acceleration
factors, which are of practical significance in maintaining the balance between global discovery
and local detection. In the past few decades, plenty of work has been conducted to adjust
these control parameters for improving PSO. Some selected PSO variants with modified

control parameters are reviewed and summarized in Fig. 2.11.

1. Inertia Weight As an important parameter, the inertia weight is designed to achieve
a proper balance between global discovery and local detection. A brief summarization is

presented in Table 2.4 on the recently developed inertia-weight-based PSO variants.

Table 2.4 A summary of reviewed inertia weight updating strategies

Approach Abbreviated Name Reference | Approach Abbreviated Name Reference
Li-DIW [156, 158] Randomizing RIW [159]
Linear Decreasing MIW-LD [209] Optimization-based SAIW [5]
CLi-DIW [135] Fuzzy Theory FAPSO [160]
Non-linear Decreasing NLFDIW [19] . CDIW [52]
Logistic Map-based

Sigmoid Function-based SITW [120] | ~C&teMapbase CRIW (52]

Logarithmic Decreasing Lo-DIW [58]

It is known that a smaller inertia weight could lead to a better local search, while a
larger inertia weight could contribute to a better global discovery [158]. The particles with
satisfactory search ability would thoroughly exploit the solution space at the early step of
search and avoid trapping into the local optima with high possibility. Additionally, the inertia
weight would greatly affect the search ability of the particles. In [156, 158], starting from
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Fig. 2.11 PSO variants with modified control parameters

a relatively large value, the inertia weight is deployed to guarantee the global exploration
performance. Then, the inertia weight is adjusted following the linear-decreasing strategy
during the searching process with the hope to enhance the local exploration. PSO with the
linear decreasing inertia weight (Li-DIW) strategy has been proposed in [156, 158] where

the inertia weight (wy) is updated as follows:

Wik = Wmax — (Wmax - Wmin) X E (2.6)

where wpax and wpi, denote the maximal and minimal inertia weight, respectively; k is the
number of the current iteration; and K denotes the number of the maximum iteration during
the evolution process. In [14], wnax and wp;, are set to be 0.9 and 0.4, respectively, which
becomes a normal setting in later development of PSO. The Li-DIW strategy has been widely

used in developing various PSO algorithms.
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It should be mentioned that a number of inertia weight updating strategies have been
introduced based on the Li-DIW strategy. For example, a multi-stage inertia weight linearly
decreasing strategy (MIW-LD) has been developed in [209] to better balance the global
discovery and the local detection than the PSO with Li-DIW. Different from the Li-DIW
strategy, another inertia weight updating strategy is the nonlinear decreasing strategy. A
nonlinear function modulated inertia weight (NLFDIW) has been developed in [19]. Another
nonlinear function, the sigmoid function has been adopted in [120] to control the inertia
weight, where a sigmoid-based increasing inertia weight (SIIW) strategy is put forward to
improve the convergence speed. A logarithm decreasing inertia weight (Lo-DIW) strategy
has been introduced in [58] to improve the convergence rate.

The global search ability becomes weak when the inertia weight decreases, and the
particles may fall into the local optima [42]. In the past few decades, improving the search
ability of PSO has been a hot research topic by changing the inertia weight in various aspects.
It is found that the PSO algorithm with Li-DIW cannot obtain satisfactory results when
dealing with a nonlinear dynamic system. In this case, the random inertia weight (RITW)
scheme has been proposed in [159] for tracking and optimizing a dynamic system.

Many inertia weight updating strategies have been designed by employing some mathemat-
ical methods (e.g., logistic map, chaotic-embedded methods, fuzzy theory, and optimization)
[5, 52, 135, 160]. For example, in [5], the simulated annealing (SA) integrated inertia
weight (SAIW) has been introduced to enhance the convergence speed. In [135], the
chaotic-embedded linearly decreasing inertia weight (CLi-DIW) strategy has been proposed,
which embeds the chaotic sequences into the Li-DIW strategy. Using the logistic map, the
chaotic-descending-based inertia weight (CDIW) strategy and the chaotic-embedded random
inertia weight (CRIW) strategy have been proposed in [52] to improve the convergence
rate, the convergence accuracy and the global discovery ability. A fuzzy system-based PSO
algorithm (FAPSO) has been designed in [160], where the inputs of the fuzzy-based method
are the normalized current best performance evaluation as well as the current inertia weight,

and the output variable of the fuzzy system is the change of the inertia weight.
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2. Acceleration Coefficients In recent years, many PSO variants that focus on the mod-
ification of the acceleration coefficients have been introduced. The reviewed acceleration

coeflicient updating strategies are summarized in Table 2.5.

Table 2.5 A summary of reviewed acceleration coefficient updating strategies

Approach Abbreviated Name Reference | Approach Abbreviated Name Reference
Constant Constant AC [35, 180] . . . SBAC [179]
S d Function Based
TVAC-1 [147] 1emold Function Base AWAC [111]
Ti . TVAC-2 [89] Sine Cosine Function Based SCAC [22]
ime-varying - - , -
ATVAC [15] Adding Gaussian White Noises GWNAC [112]
Non-linear Time-varying NDAC [21] Self-coordinating SAC [214]
NTVAC [99]

The effect of two acceleration coefficients on each particle’s movement is illustrated in
Fig. 2.12. According to [95], a relatively larger cognitive component could make particles
search in a wider space comparing with the social component. In the original PSO algorithm,
the acceleration components are constant values that are set to be 2. A number of new PSO
methods have been put forward, where different acceleration factor updating strategies have
been adopted for specific optimization problems. In [35], the acceleration coefficients are set
to be 2.05 to guarantee the convergence of the optimizer. In [180], ¢ and ¢, are set to be 0.5

and 2.5, respectively.

PI

Fig. 2.12 The effect of the value of the acceleration coefficients on the movement of the particle

It is worth noting that a relatively larger social component may easily lead to the premature

convergence problem. The time-varying acceleration coefficient-embedded scheme (TVAC-1)
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has been proposed in [147], where the updating equations of the acceleration factors (¢

and c; k) are expressed as follows:

k
crx =cii+(crp—cp) X X

L 2.7)
Cok = Coi + (cof — €2) X T

where cy; and ¢ 7 indicate the initial and final values of the cognitive component, respectively;
co; and ¢ ¢ are the initial and final values of the social component, respectively; k is the current
iteration number; and K is the maximum iteration number. The time-varying scheme for
altering acceleration factors could not only improve the global discovery at the early step of the
searching process, but also improve the convergence of particles towards the globally optimal
solution at the latter step of the evolution process. According to the experimental results
reported in [147], the parameters are set to be ¢1; = 2.5, c1y = 0.5, c2; = 0.5, and ¢y = 2.5.
Based on the TVAC-1, a new updating strategy has been introduced to adjust the time-varying
acceleration coeflicients with unsymmetrical transfer range (UTRAC) in [68], which improves
the convergence speed of the PSO algorithm. The asymmetric time-varying-based strategy for
controlling acceleration coefficients (ATVAC) has been proposed in [15], where the ATVAC
demonstrates merits in balancing global and local search and improving the convergence as
well as the robustness.

In [89], another time-varying acceleration coeflicients (T VAC-2) updating strategy has
been proposed, which could further improve the solution accuracy. The updating equations

of the acceleration coeflicients (¢ x+1 and ¢z x+1) using the TVAC-2 strategy are given by:

0.5
Clk+l = Clk — —
K (2.8)

0.5
Cok+1 = C2k + Va
where k and K represent the current and the maximum iteration number, respectively.
Apart from two popular strategies TVAC-1 and TVAC-2, some acceleration coefficients
updating strategies have been introduced by incorporating time-varying mechanisms and

nonlinear dynamics [21, 22, 99, 111, 179]. In [99], a set of non-linear time-varying

acceleration coefficients (NTVAC) has been put forward to alleviate premature convergence.
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The nonlinear dynamic mechanism has been introduced in [21] to alter the acceleration
factors. As a popular nonlinear function, the sigmoid function has been used to adjust
acceleration coefficients in [179], where the sigmoid-function-based acceleration coefficients
(SBAC) updating strategy has been proposed. In [111], a sigmoid-function-based adaptive
weighted acceleration coefficients (AWAC) strategy has been developed, where an adaptive
weighting updating (AWU) function has been proposed by exploiting the distance from the
particle to its pbest and gbest in order to adjust the acceleration coefficients. The sine cosine
acceleration coefficients (SCAC) updating strategy has been proposed in [22], which could
not only motivate a thorough local detection but also force the candidates to move to the
global optimal solution.

Some other acceleration coefficients updating strategies have also been developed
[112, 214]. For example, the Gaussian white noise-embedded acceleration coeflicients
(GWNAC) have been introduced in [112] to maintain the population diversity and enhance
the possibility of particles slipping away from the local optima by randomly perturbing
the acceleration factors. In [214], a novel adaptive method has been proposed, where the

acceleration factors are modified adaptively to make the target particle self-coordinates.

Developing Updating Strategies

Apart from adjusting control parameters of the PSO algorithm, many researchers have focused
on designing new updating strategies of the PSO algorithm in the past few decades. The
reviewed approaches on developing new algorithm updating strategies are summarized in

Table 2.6.

Table 2.6 Summarization of novel algorithm updating strategies

Approach Abbreviated Name Reference | Approach Abbreviated Name Reference
Re-initialization RPSO [66] APSO [228]
RRPSO [29] SPSO [177]
ERPSO [29] ISPSO [224]
Clustering Algorithm CAPSO [94] SDPSO [226]
Constriction Factor CFPSO [34, 35] Switching Strategy MDPSO [164]
Comprehensive Learning CLPSO [105] ARFPSO [166]
Multi-elitist Strategy MEPSO [41] DNSPSO [225]
Fractional Velocity FVPSO [140] RODDPSO [109]
FPGA Based PMPSO [78] FVSPSO [165]
Cooperative CPSO [184] SASPSO [12]
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1. Re-initialization Re-initialization is a strategy that helps alleviate premature convergence.
In [66], an improved PSO algorithm with re-initialization mechanisms (RPSO) has been
introduced, where the re-initialization process is determined based on the estimation of the
varieties and activities of the particles. A new factor named “‘steplength” is employed to
determine whether the particle should be re-initialized or not. In [29], two re-initialization
methods have been proposed (which are the random re-initialization strategy and the elitist
re-initialization strategy) to promote the PSO diversity. The first method is random re-
initialization (RRPSO), where particles are reserved randomly, which could improve the
ability of exploration. The second method is elitist re-initialization (ERPSO), where the
worse preferred particles in the searching area are re-initialized, which could make the particle

obtain a better fitness value than standard PSO.

2. Switching Strategy So far, a new class of switching strategies has been designed for
improving the PSO algorithm, where the evolution process is divided into several evolutionary
states. In [228], an adaptive PSO (APSO) algorithm has been proposed, where an evolutionary
factor (EF) is introduced to determine the exploration, exploitation, convergence, and jumping
out states. The evolutionary state estimation technique and the elitist learning strategy have
been proposed in the APSO. According to the evolutionary state estimation, the evolution
process can be divided into four states based on the evolutionary factor.

In [177], a switching-motivated PSO algorithm (SPSO) has been developed. Based on
the evolutionary factor, the velocity updating process could jump from one state to another by
using a Markov chain, and the acceleration factors are thus updated based on the evolutionary
state. Furthermore, a leader competitive penalized multi-learning approach is introduced in
order to help the globally best particle slip away from the local optimal areas and accelerate
the convergence speed. A dynamic-neighborhood-based SPSO (DNSPSO) algorithm has
been developed in [225], where the evolution information of the swarm is used in the velocity
updating process based on 1) a distance-based dynamic neighborhood; and 2) the switching
strategy. The DNSPSO algorithm improves the solution accuracy and enhances the particle’s
ability to slip away from the local optima compared with the SPSO algorithm. Based on the
SPSO algorithm, an improved SPSO (ISPSO) algorithm has been introduced in [224], where

a non-stationary multistage assignment penalty function is introduced. The updating strategy
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of velocity jumps from each mode based on the non-homogeneous Markov chain, which
uses the swarm diversity as the current search information to adjust the probability matrix
in order to balance the global and local search. In [226], a switching time-delay-embedded
PSO (SDPSO) algorithm has been introduced, where the time delay is employed to alter
the system dynamics of the SPSO algorithm. The utilized time delays contain the historical
information of the evolutionary process. The multi-modal delayed PSO (MDPSO) method
has been developed in [164], where the so-called multi-modal time-delay is embedded into
the velocity model to enlarge the search space and reduce the probability of being trapped
in the local optima. A novel randomly-occurring-distributed-time-delay PSO (RODDPSO)
algorithm has been proposed in [109], where the distributed time-delays are employed to
perturb the dynamic behavior of the particles. The delays occur randomly, which contributes
to a better search ability than the SDPSO. A modified switching PSO algorithm with adaptive
random fluctuations (ARFPSO) has been introduced in [166], where the velocity is updated
based on the evolutionary states, and the adaptive random fluctuations are added to the
pbest and the gbest particles. According to the simulation results reported in [166], the
ARFPSO algorithm shows superior performance in terms of search the optimal solution. In
[140], a PSO algorithm with fractional velocity (FVPSO) has been developed, where the
fractional-order velocity terms are added to the velocity updating equation. The FVPSO
algorithm enhances the particle’s ability of jumping out of the local optima. Based on the
FVPSO algorithm, an adaptive fractional-order velocity SPSO (FVSPSO) algorithm has been
presented in [165], where the fractional velocity is updated based on the evolutionary state.
In [12], an adaptive switching asynchronous-synchronous PSO (SASPSO) algorithm has
been proposed, where the asynchronous updating strategy and the synchronous updating
strategy are hybridized, which could switch from one to another according to the fitness value

of the gbest.

3. Other Strategies In [94], the clustering algorithm has been utilized in the PSO (CAPSO)
algorithm to group the particles based on their previous best positions, and the cluster
centroids are replaced by particles’ personal best positions and neighbors’ best positions.
According to the experimental results, it is found that the CAPSO algorithm (using personal

best positions as the cluster centroids) performs better than algorithms using neighbors’ best
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positions as cluster centroids. The constriction factor and its variants have been put forward
in [34, 35, 46], which improves the convergence rate of the optimizer by limiting the motion
of individuals in the optimal region. In [184], two cooperative PSO (CPSO) algorithms
have been proposed (i.e., CPSO-Sgx and CPSO-Hk), where the cooperative behaviors are
utilized to improve the solution accuracy. In [105], a comprehensive learning (CL) strategy
has been proposed, where the particle’s velocity is updated according to the personal best
locations of all other particles. The CLPSO algorithm demonstrates better performance in
solving multi-modal problems by comparing with the standard PSO algorithm. In [41], a
multi-elitist PSO algorithm (MEPSO) has been introduced, where the multi-elitist strategy
has been employed in the PSO algorithm to improve the global search, which improves the
search ability of the PSO algorithm. In [78], a field-programmable gate array (FPGA)-based
parallel meta-heuristic PSO (PMPSO) algorithm has been proposed, which employs the
parallel computing strategy to run three parallel PSO algorithms in the same FPGA chip.
According to the experimental results, the PMPSO algorithm shows merit in solving some
global path planning problems. In [171], the quantum PSO (QPSO) algorithm has been
proposed, where the quantum theory is introduced into the PSO algorithm. A trial method
for adjusting parameters has also been proposed. A new parameter tuning method has been
put forward in [172] to adjust the control parameters of the QPSO algorithm, where a global
reference point has been introduced to evaluate the search range of the particle. The QPSO
algorithm with the new parameter selection strategy has shown better performance than the

standard QPSO algorithm in terms of convergence and solution accuracy.

2.3.3 Applications of the PSO Algorithm

In this part, some selected practical applications of the PSO algorithm are reviewed, which
are divided into 6 categories, including robotics, the renewable energy system, the power

system, data analytics, image processing, and some other applications.

Robotics

1. Path Planning for Robots Autonomous navigation of the mobile robot is a crucial task

in robotics. The autonomous navigation process is illustrated in Fig. 2.13. As an important
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task in autonomous navigation, path planning has been widely investigated, which is known
as an optimization problem in certain indices with certain constraints [146]. So far, a number

of PSO algorithms have been adopted to solve the robot’s path planning problems.
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Fig. 2.13 The autonomous navigation process of the mobile robot

In [78], the PMPSO algorithm has been applied to deal with the navigation of the
autonomous robot in structured environments with obstacles. In [227], the switching-local-
evolutionary-based PSO (SLEPSO) algorithm has been used to solve the path planning
problem of the intelligent robot. In [164], the MDPSO algorithm has been successfully
applied to the path planning for mobile robots. In [166], a switching PSO algorithm with
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adaptive random fluctuations has been combined with the n>-splines to solve a double-layer
smooth global path planning problem with several kinematic constraints. In [165], the
FVSPSO algorithm has been applied for smooth path planning for the mobile robots based

on the continuous high-degree Bezier curve.

2. Robot Learning The purpose of robot learning is to teach robots to learn skills and
adapt to the environment under the guidance of learning algorithms. As an efficient class
of EC algorithms, the PSO-based robot learning algorithms have been employed in the
robot learning field. In [142], a PSO-based robotic learning method has been proposed,
where a noise reduction technique used in the GA has been applied to the PSO algorithm to
improve the performance of robot learning. In [143], an adapted PSO algorithm has been
applied for unsupervised robotic learning, which shows competitiveness over some existing
ones. In [43], an improved PSO-based method has been utilized in robot learning, where a
statistical technique, named the optimal computing budget allocation, is utilized to improve

the performance of the PSO algorithm with noise.

Renewable Energy System

In recent years, the utilization of alternative energy has increased significantly in order to
fulfill the requirements of environmental protection and electricity demands. Fig. 2.14 shows
the structure of the basic alternative energy system. In this case, the optimal design plans of
the energy system have been made to utilize the energy resources efficiently and economically.
In recent years, a number of PSO-based approaches have been put forward for solving the

optimization problems in energy systems [96].

1. Sizing The sizing problem is an important optimization problem in energy systems,
which aims to find the optimum number and types of devices to be used [96]. The optimum
unit size can ensure the system works in the best conditions with the lowest cost, which could
keep the system efficient and economic. In recent years, many PSO-based methods have
been developed to solve the sizing problem in energy systems. In [183], the GA and the PSO
algorithms have been used to optimize the unit size of the stand-alone hybrid energy system.

A PSO-based approach has been proposed in [3] to solve the sizing problem of a hybrid solar
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Fig. 2.14 A basic alternative energy system with battery storage

photovoltaic energy system. In [16], the PSO algorithm has been applied to a new hybrid
renewable energy system. In [124], the PSO algorithm has been applied to the sizing problem

of the distributed energy system in micro grid.

2. Maximum Power Point Tracking The maximum power point tracking (MPPT) on
the solar photovoltaic module of the energy system is also a challenging optimization task,
which aims to help the solar photovoltaic module produce maximum power output [96]. In
recent years, a number of MPPT approaches have been developed. Among the proposed
approaches, the PSO-based methods have demonstrated better noise immunity, which has
become a popular way to track the maximum power point. In [11], a tracking method has
been proposed where the PSO algorithm has been used to recognize the maximum power
point in the photovoltaic system with high efficiency and fast convergence rate. In [83], a
PSO-based MPPT controller of the photovoltaic system has been introduced by using the
direct control method. In [82], an MPPT method with an improved PSO algorithm has been
presented, where the steady-state oscillations are decreased when the maximum power point is
found, which could reduce the tracking time. In [122], a new maximum power point tracking
approach with the PSO algorithm has been proposed, where the multiple photovoltaic arrays
are controlled by only one pair of sensors. Results show that the developed method reduces

the cost and improves the efficiency of the system.

3. Others In [236], a PSO algorithm with the constriction factor and the mutation operator

has been applied to solve the capacity configuration problem. The PSO algorithm has been
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used in [169] to identify the parameters of the photovoltaic model. In [7], a parameter
optimizing method of the current control strategy for a 3-phase photovoltaic grid-connected
voltage source inverter system has been proposed, where the PSO algorithm is used to tune
the current control parameters. Results showed that the optimized system improves the power

quality.

Power System

1. Economic Dispatch The economic dispatch problem has become a popular research
topic in the power system, which plays a crucial role in the operation and planning of the
power system. The economic dispatch problem aims to adjust the output of generating units
in order to meet the load requirement with the lowest cost and also satisfy the operational
constraints of units as well as the system. In fact, the economic dispatch problem can be
treated as an optimization problem, and a large number of optimization techniques have been
adopted to solve the economic dispatch problem. In [25], the PSO-RDL algorithm has been
applied to the economic dispatch problem for the 3-unit power system and has discovered the
currently best solution for the 40-unit system. The PSO algorithm has been hybridized with
the sequential quadratic programming method to deal with the economic dispatch problem
with the valve-point effects [187]. In [36], the PSO algorithm has been combined with the
Gaussian probability distribution functions to solve the economic cost dispatch problem.
In [134], an improved PSO algorithm has been employed to the economic load dispatch
problem, where the inertia weight of the PSO algorithm is adaptively adjusted according to

each particle’s rank.

2. Others The unit commitment is an efficient way to provide high-quality electric power
to customers securely and economically. The unit commitment problem aims to find the
optimal unit commitment, which is an optimization problem. In [152], the FAPSO-based

method has been developed to compute the unit commitment of the power system.

Data Analytics

1. Clustering Clustering algorithms organize a collection of similar items into the same

cluster. An illustration of clustering is in Fig. 2.15, where each point represents an instance
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in the data set. It is known that clustering plays a vital role in data analysis. Unfortunately,
some studies have shown that the clustering performance of the distance-based clustering
algorithms is highly dependent on the initial value of the clustering centroids and may be
unsatisfactory when dealing with some complex data sets [41]. In the past few years, some
researchers have employed optimization algorithms to choose an optimized location of the

initial cluster centroids to improve the performance of distance-based clustering algorithms.
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Fig. 2.15 An illustration of a cluster analysis output

In [91], a new K-means-based clustering method has been proposed, where the basic
K-means clustering approach is combined with the Nelder-Mead simplex search approach and
the standard PSO approach. In [127], a hybrid optimization algorithm which combines the
FAPSO algorithm with the ACO algorithm (FAPSO-ACO) has been embedded to improve
the basic K-means approach. The RODDPSO algorithm presented in [109] has been utilized
for improving the performance of the basic K-means approach. In addition, PSO has also
been utilized for optimizing the FCM algorithm. In [162], two improved FCM algorithms
based on the PSO algorithm have been developed, both of which demonstrate fast speed and
high solution quality. A novel clustering algorithm has been introduced in [153], where the
FCM algorithm is combined with the QPSO algorithm. The performance of the new method
outperforms some other clustering algorithms [171].

Apart from the K-means algorithm and the FCM algorithm, some other PSO-based
clustering algorithms have also been developed. For example, in [208], PSO has been
applied to the self-organizing maps, where a conscience factor is added to the self-organizing

maps. The weights of the self-organizing maps are tuned by PSO, which could improve
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the robustness of the clustering algorithm. The MEPSO-based automatic kernel clustering
algorithm has been introduced in [41], where the MEPSO algorithm is used to find the optimal
number of clusters, and a kernel function is applied to cluster data in a high-dimensional

transformed space.

2. Feature Selection As an important member in data mining, classification aims to classify
data into different categories based on the features of the data. Nevertheless, selecting
useful features in the data set is a difficult task. Some PSO-based approaches have been
introduced with the purpose of dealing with the feature selection problems. A self-adaptive
PSO algorithm has been introduced and applied in feature selection [213]. In [212], two
PSO-based multi-objective feature selection methods have been proposed, where the non-
dominated sorting idea is employed in the first method, and the crowding, mutation, as well
as dominance are applied to the second method. Both methods could automatically discover

a set of non-dominated solutions.

Image Processing

Image processing is an important field in computer science, which includes image segmenta-
tion, image enhancement and so on. In recent years, a number of PSO-based algorithms have

been proposed to improve the performance of image processing [2, 61, 65].

1. Image Segmentation Image segmentation focuses on analyzing and interpreting images.
Many image segmentation methods have been developed using PSO algorithms to improve
the performance of image segmentation. In [61], a multilevel thresholding method has been
proposed for image segmentation, where a fractional-order Darwinian PSO algorithm is
proposed to improve the accuracy of image segmentation. In [2], PSO has been combined

with the hidden Markov random field model to improve the quality of the image segmentation.

2. Image Enhancement Image enhancement is another important task in image processing.
The basic PSO approach has been widely adopted for image enhancement. A PSO-based
automatic image enhancement technique has been proposed in [17], where PSO has been

utilized to maximize an objective fitness criterion with the purpose of enhancing the contrast
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and details in the picture. Results show that the PSO-based automatic image enhancement
technique obtains satisfactory performance in maximizing the number of pixels in the
edges. A PSO-based image enhancement method has been introduced in [65], where a
parameterized transformation function and an objective criterion have been utilized to improve

the performance of the image enhancement.

Others

A large number of PSO-based methods have been developed for various real-world problems.
For example, the PSO algorithm has been used in [106] for parameter identification of the
permanent magnet synchronous motors. In [56], the PSO algorithm has been applied in the
control theory to find the optimal parameters of the proportional-integral-derivative controller
in an automatic voltage regulator system, which provides fast parameter adjusting ability
and is easy to implement. In [13], a FAPSO algorithm-based optimal bidding strategy of a
thermal generator in the uniform price spot market has been developed to find the optimal
bidding strategy in the power market, where the operating cost function and the minimum
up/down constraints are considered.

PSO has been successfully employed to solve electromagnetic-related optimization
problems. In [32], an intelligent PSO algorithm has been utilized for optimizing the
electromagnetic device, where the complexity of the particle is enlarged at the group level to
improve the efficiency of the optimization process.

It should be pointed out that using the PSO algorithm to design the trajectory of the
spacecraft has been a popular research topic. In [28], a recovery trajectory planning method
has been introduced for the recovery process of the reusable launch vehicle, which combines

the PSO algorithm with the polynomial guidance law.

2.4 Application Backgrounds

2.4.1 Outlier Detection in WAAM

AM, also known as 3D printing, has been recognized as a breakthrough technology which

shows great application potentials in industrial machinery, assembly processes, and supply
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chains [57]. An AM system consists of three parts: a motion system, heat source and
feedstock. Due to the advantages of high deposition rate, high material utilization, low cost
and environmental friendliness, the WAAM has become a popular AM method, which uses
the electric arc as the heat source and the wire as the feedstock. Depending on the heat
source, the heat and metal transfer in WAAM can be generally divided into three categories
of equipment including the Gas Tungsten Arc Welding, the Gas Metal Arc Welding, and the
Plasma Arc Welding [149].

In fact, there are several key factors affecting the performance of WAAM, e.g., the
programming strategies, manipulator- and feedstock feeding accuracy, shielding gas flow,
metal surface contaminations, heat- and metal transfer, heat accumulation, and part distortion
[198]. In recent years, a variety of advanced techniques (which focuses on the aforementioned
factors) have been put forward to improve the performance of the WAAM. For instance, in
[131], an improved heat transfer and fluid flow model has been introduced in WAAM, which
could determine the parameters that influence the microstructure, properties, and defect
formation of the component. In [123], a WAAM modelling strategy has been developed
based on a novel heat source model, which has shown high accuracy in measuring distortions.

Note that the quality of AM products is highly dependent on the welding equipment used.
To monitor the WAAM process, outlier detection techniques are widely adopted to analyze
the sensor data (e.g., current and voltage) of the welding machine used with the purpose of
detecting abnormal points. In general, the abnormal points indicate the sudden change of the
process, which could bring negative influence on the manufacturing process. In this case, it
is of practical importance to use outlier detection techniques for online monitoring of the
WAAM process.

Over the past few years, outlier detection has attracted increasing attention in the research
community due to its critical role in various real-world applications. So far, a large number of
outlier detection methods have been introduced for data analysis in WAAM [30, 121, 148, 168].
For instance, a semi-supervised method has been proposed in [121] to enable real-time
anomaly detection in WAAM using current and voltage data, further enhancing the reliability
and stability of the manufacturing process. A modular anomaly detector has been put
forward in [148] for analyzing multivariate time-series data in the WAAM process. In

[30], a convolutional neural network-based method has been proposed for real-time anomaly
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detection in WAAM. Furthermore, in [168], a two-stage unsupervised framework has been

presented for anomaly detection in WAAM.

2.4.2 Data Description

The utilized data is collected from a WAAM pilot line deployed in Sweden, which aims
at developing an end-to-end digital solution by integrating automation methodologies for
metal component manufacturing. In total, there are five data sets, each representing a time
series corresponding to an individual manufacturing process. Each time series consists of
98,000 instances, where each instance contains measurements of welding current and voltage
recorded at a sampling interval of 0.0002 seconds during the manufacturing process. Fig. 2.16
presents a visualization of the WAAM data. In the collected data sets, there are four variables
which are “X_Value”, “WeldCurrent”, “WeldVoltage”, and “ComputerTime”. “X_Value”
represents the time stamp. “WeldCurrent” and “WeldVoltage” denote the processing current
and voltage, respectively. “Computer time” is the total time of the process. The details of
the variables are summarized in Table 2.7. Ground-truth labels are manually annotated by
domain experts, classifying each sample as either “Normal” or “Outlier” based on operational

characteristics.

Table 2.7 Data description

Variable Description Data Type  Unit
X_Value The time stamp Numerical s
WeldCurrent  The current of the equipment Numerical A
WeldVoltage  The voltage of the equipment Numerical V
ComputerTime The total time of the process Numerical s
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Fig. 2.16 Visualizations of the current and voltage of the WAAM data



Chapter 3

Outlier Detection under Unlabeled Data:
An Improved
Particle-Swarm-Optimization-Based

Clustering Framework

3.1 Motivation

WAAM has become an important and rapidly developing technology in industrial manu-
facturing, which has attracted substantial research interest in recent years. To improve the
overall performance and fabrication quality of WAAM, extensive efforts have been devoted
to analyzing process behaviors and refining operating strategies [145]. In WAAM, the
annotation process is usually time-consuming and labor-intensive due to the large volume
of collected data and the requirement for expert knowledge. As a result, unlabeled data are
widespread in practical WAAM applications. The prevalence of unlabeled data significantly
limits the applicability of supervised learning methods and poses challenges for effective
analysis, which reduces the reliability of data-driven monitoring and control in WAAM.

As a powerful family of outlier detection methods for unlabeled data, the clustering-
based outlier detection methods are utilized to identify abnormal instances according to the

corresponding clustering results. Compared with existing clustering algorithms including
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the density-based spatial clustering of applications with noise (DBSCAN) algorithm and the
K-means algorithm, the FCM algorithm has the advantages of easy implementation and high
efficiency, which has been successfully applied to a large number of real-world applications
[186]. Nevertheless, as a distance-based clustering algorithm, the clustering performance of
the FCM algorithm is highly dependent on the initial locations of the cluster centroids [185].
Selecting an optimal set of initial cluster centroids seems to be an effective way to guarantee
the performance of the FCM algorithm.

It is worth mentioning that EC has been widely used to solve various optimization
problems. Among the EC algorithms, the PSO algorithm is a population-based one that
offers notable advantages. It should be noted that the optimization of cluster centroids is
non-convex and highly sensitive to the starting solution. Although gradient-based or local
optimization methods could be applied to continuous optimization problems, they usually
start from a single or a limited number of initial solutions and may converge to nearby local
optima. In contrast, the population-based search mechanism of PSO allows multiple candidate
centroid configurations to be explored simultaneously, which can reduce the dependence on a
single initial solution and provide a more robust search process for identifying suitable initial
centroids. Compared with some powerful black-box optimizers, such as CMA-ES, PSO can
provide a clear and traceable optimization process, which is particularly valuable for WAAM
outlier detection. As such, adopting the PSO algorithm to optimize the initial locations of
the cluster centroids with the purpose of improving the clustering performance of the FCM
algorithm becomes a seemingly reasonable idea.

It is worth mentioning that most existing population-based EC algorithms suffer from
premature convergence, and this is particularly true when dealing with complex and large-scale
optimization problems [105]. During the past few decades, a great many PSO variants
have been proposed to improve the convergence rate and the search ability of the optimizer.
For instance, the PSO algorithm with a linear decreasing inertia weight (PSO-Li-DIW) has
been proposed in [156, 158]. A PSO algorithm with time-varying acceleration coeflicients
(PSO-TVAC) has been introduced in [147]. In [111], an AWU strategy has been proposed to
update the acceleration coefficients to improve the convergence rate of the optimizer.

A switching PSO (SPSO) algorithm has been put forward in [177] by employing a

switching strategy to update the velocity of the particles, where the switching strategy
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divides the evolutionary process into four evolutionary states (i.e., convergence, exploitation,
exploration, and jumping-out). By using the switching strategy, the SPSO algorithm has
shown a relatively fast convergence rate. Nevertheless, the deployment of the switching
strategy as well as the AWU could not solve the premature convergence problem.

In the literature, some popular PSO variants have been proposed by embedding random
perturbations (e.g., time delays and noises) in the PSO algorithm with the hope to alleviate
the premature convergence problem [112, 226]. In [226], a switching delayed PSO (SDPSO)
algorithm has been developed, where time delays are embedded in the velocity updating
equation of the SPSO algorithm. Compared with the SPSO algorithm, the SDPSO algorithm
exhibits stronger search ability, especially for multi-modal optimization problems. It should
be noticed that the employment of the perturbation has proven to be another effective way to
help particles jump out of the local optima [99]. In this situation, it is reasonable to adaptively
embed the random perturbation into the PSO algorithm based on the switching strategy to
alter the dynamical behavior of the particles and expand the search range of the optimizer.

To summarize, the main objective of this chapter is to propose an adaptive switching
randomly perturbed particle swarm optimization (ASRPPSO) algorithm so as to automatically
choose an optimal set of initial locations of the cluster centroids of the FCM algorithm.
Specifically, a distance-based AWU strategy is designed to adaptively control the acceleration
coefficients. The switching strategy is employed to accelerate the searching process and
balance the global and local searches. In addition, Gaussian white noises are embedded
in the velocity updating equation to randomly alter the system dynamics of the optimizer,
which could expand the search space and alleviate the premature convergence problem. The
proposed ASRPPSO-based FCM algorithm is applied to detect outliers in real-world data.

The main contributions can be summarized in the following three aspects:

1. A novel ASRPPSO is proposed, where an AWU strategy is designed to adaptively adjust
the acceleration coeflicients, and the Gaussian white noises are adaptively embedded

into the velocity updating equation based on the switching strategy.

2. An ASRPPSO-based FCM algorithm is developed, where the ASRPPSO is employed

for selecting the optimal locations of the initial cluster centroids of the FCM algorithm.
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3. The developed ASRPPSO-based FCM algorithm is applied to outlier detection of the
real-world industrial data collected from a WAAM pilot line. Experimental results

demonstrate the effectiveness of the proposed outlier detection method.

The rest of this chapter is organized below. In Section 3.2, the proposed ASRPPSO
and the ASRPPSO-based FCM algorithm are introduced. Benchmark functions, test PSO
algorithms, parameter setting, experiment results, and discussions are illustrated in Section

3.3. Finally, conclusions and discussions on relevant future directions are presented in Section

3.4.

3.2 Methodology

The FCM algorithm is a competitive clustering algorithm, whose initial location of the cluster
centroid is a decisive factor affecting the clustering results of the FCM algorithm. Clearly, it
is highly desirable to seek the best locations of the initial centroids for the best clustering
performance, which gives rise to a rather challenging optimization problem that has received
little research attention so far, except for the preliminary efforts made in [151]. In fact, as one
of the powerful optimization algorithms, the PSO algorithm is ideally suited for optimizing
the initial locations of the cluster centroids, see [151] for more details.

In the PSO algorithm, the control parameters (i.e., the inertia weight and acceleration
coefficients) are utilized to balance the global and local search. In recent years, some variant
PSO algorithms (which modify the control parameters) have been proposed to balance the
global and local search [147, 156, 158]. The PSO-Li-DIW algorithm and the PSO-TVAC
algorithm both demonstrate competitive performance in maintaining the balance between the
global and local search compared with the original PSO algorithm.

It should be noticed that the solution accuracy of many PSO variants is improved with the
sacrifice of the convergence rate. With the purpose of adequately improving the convergence
rate and the capability of finding the global best solution, the PSO-AWAC algorithm has
been put forward in [111], where a sigmoid-function-based AWU strategy has been proposed
to adjust the acceleration coefficients. Specifically, the AWU strategy makes full use of

the distance from each particle towards its pbest and gbest at each step, which significantly
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improves the convergence rate of the optimizer. Unfortunately, the search ability of the
PSO-AWAC algorithm is not satisfactory when dealing with complex optimization problems.

Recently, some PSO algorithms have been proposed to alleviate premature convergence
based on different switching strategies [112, 177, 226]. By using the switching strategy,
the evolution process is divided into four evolutionary states (including the exploration,
exploitation, convergence, and jumping-out states). The velocity is updated based on different
updating strategies at each state, which offers the opportunity of improving the search ability
and guaranteeing the convergence rate of the optimizer at the same time. More recently,
adding noises to perturb the particle’s movement has been proven to be an effective way
to improve the search ability of each individual particle. In [112], the intensity-adjustable
Gaussian white noise has been added in the velocity updating equation to randomly alter
the acceleration constants in order to explore the search space thoroughly. Motivated by the
above discussions, it becomes natural to embed the random noises into the PSO algorithm
according to the evolutionary states to further alleviate the premature convergence problem
and improve the search ability of the optimizer.

In this chapter, a novel ASRPPSO is put forward where an AWU strategy is designed
to adjust the acceleration coefficients. In the ASRPPSO, the switching strategy is utilized
to improve the particle’s search ability, and the Gaussian white noises are embedded in the
velocity updating equation based on the switching strategy to help the particles escape from
the local optima. In addition, an ASRPPSO-based FCM algorithm is proposed for outlier
detection, where the ASRPPSO is adopted to choose an optimal set of initial locations of the

cluster centroids in the FCM algorithm.



3.2 Methodology 69

3.2.1 The ASRPPSO
Framework of the ASRPPSO

The updating equations of the proposed ASRPPSO in terms of velocity and position of the

ith particle at the (k + 1)th iteration are given as follows:

Vil = WiVik + cLprt (pbest; — Xix) + coxra (gbest; — xix)
+ 1,01 (phest;, — xik) + arg 02 (gbest, — xix) (3.1)

Xik+1 = Xik * Vik+1,

where k represents the current iteration number; wj denotes the inertia weight at the kth
iteration; ¢ x and c; x are the acceleration coefficients; r; and r;, represent random numbers
selected within [0, 1]; pbest; ; represents the personal best position found by the ith particle
itself at the kth iteration; gbest; represents the global best position of the entire swarm at
the kth iteration; @ ¢, and @y ¢, are parameters which are used to adjust the Gaussian white
noises according to the evolutionary state; and 61 and d, represent two independent Gaussian
white noises.

The procedure of the proposed ASRPPSO is presented in Algorithm 2.

Algorithm 2 The Procedure of the ASRPPSO

1: Initialize the parameters of ASRPPSO, including the population size P, inertia weight
wi, acceleration coeflicients ¢ 1 and ¢, and the maximum velocity Viax.

2: Set a swarm with P particles.

3: Initialize the position x; 1, the velocity v; 1, and the personal best pbest; 1 of each particle
(i=1,2,..., P); initialize the global best gbest; of the swarm.

4: Calculate each particle’s fitness value.

5: Update pbest; ; of each particle and gbest; of the swarm.

6: Calculate £ according to Egs. (3.5) and (3.6), and determine the evolutionary state
according to Eq. (3.7).

7. Update wyg, c1k, and ca x for each particle according to Egs. (3.2)-(3.4).

8: Update the velocity v; x and the position x; ; of each particle according to Eq. (3.1).

9: Terminate if the maximum number of iterations is reached or the fitness value meets the
threshold; otherwise, repeat Steps 4-8.
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Inertia Weight

The inertia weight is an important parameter that is designed to adequately balance the global
and local search. It shows the ability of particles to inherit their previous velocities. In order
to balance the global search and the local search, the inertia weight is adaptively altered by a
linear decreasing inertia weight strategy, which has been introduced in [156, 158]. In the

proposed ASRPPSO, the updating equation of the inertia weight is shown as follows:

k
W = Wmax — (Wmax - Wmin) X E, (3.2)

where wax and wpip denote the maximal and minimal value of the inertia weight, respectively;
k and K represent the current iteration number and the maximum iteration number, respectively;

and the maximum and minimum inertia weights are set to be 0.9 and 0.4, respectively.

Acceleration Coefficients

According to [111], using an AWU function to demonstrate the relationship between the
acceleration coefficients and the distances from the particle to its pbest and gbest is a
good way to adaptively adjust acceleration coefficients, which can significantly improve the
convergence rate. The AWU function needs to be monotonically increasing and bounded.
The tanh function is a typical activation function of neural networks, which perfectly fits the
requirements mentioned above. In addition, the tanh function is differentiable, which can
iteratively reflect the characteristics of the weight updating process. Hence, the tanh function
seems to be an appropriate choice. In this proposed ASRPPSO, a tanh-function-based AWU
strategy is introduced to accelerate the movement of particles, which aims to improve the

convergence rate. The updating equations of the acceleration coefficients are demonstrated as

follows:
-2b N 33
C = n, .
YT T rexp (2a (pbest;  — xix — m)) (3-3)
-2b
Cok = +n, 3.4)

~ 1+exp (2a (ghest, — xix —m))
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where a and b are two parameters used to describe the curve, which represent the steepness
and the peak value, respectively; m denotes the offset of the central point; n is a negative
value; and exp(-) is the natural exponential function.

It is worth mentioning that, in Eq. (3.3) and Eq. (3.4), a, b, m, and n are all constant
values. Appropriate values of the parameters would effectively enhance the performance of
the optimization algorithm. In the proposed ASRPPSO, the parameters are set by a = —0.035,

b =-0.275,m =0, and n = 1.2 based on the experimental experience.

Evolutionary States

In the ASRPPSO, the particle’s velocity as well as position are adjusted based on the
evolutionary states, which are identified by the evolutionary factor (calculated based on the
mean distance from each particle i to other particles). The equation of the mean distance d;

is shown as follows:

S D

d; = ﬁ S G =510 (3.5

j=1 \r=1

where S and D represent the swarm size and the dimension of the particle, respectively.

Denote d, as the global best particle of d;, the evolutionary factor E; can thus be
calculated by:

gy = e~ dmin_ (3.6)
dmax — dmin

where diax and dpip are the maximum and minimum of d;, respectively. It is worth mentioning
that E ¢ belongs to [0, 1].

Based on the evolutionary factor, the four states can be classified as follows:

, 0.00<E; <025
0.25 < E; < 0.50
0.50 < E; < 0.75
0.75 < Ef < 1.00

-

$k = (3.7

B W oo =

-

where & = 1 denotes the convergence state, £, = 2 represents the exploitation state, & = 3

denotes the exploration state, and &; = 4 represents the jumping-out state.
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An Adaptive Weighted Velocity Updating Strategy

The novel velocity updating strategy can be explained based on four evolutionary states, which
are summarized in Table 3.1. The decision factors a1 ¢, and a; ¢, are used for determining
the value of the Gaussian white noise, which are dependent on evolutionary states; and k

denotes the current iteration number.

Table 3.1 Parameters in the velocity updating strategy of the ASRPPSO

Evolutionary State  &r a1, 2.4

Convergence 1 0 0
Exploitation 2 1 0.3
Exploration 3 0.3
Jumping-out 4 1

Gaussian White Noise

Inspired by [112], to improve the search ability of the optimizer by altering the system
dynamics of the PSO algorithm, the Gaussian white noises 6 and ¢, are added into the
velocity updating equation to randomly perturb the movement of the particles. Note that the

mean value and variance of ¢ and d, remain the same for the four evolutionary states.

3.2.2 The ASRPPSO-based FCM Algorithm

Due to the fact that the FCM algorithm’s performance is highly dependent on the initial cluster
centroids, the ASRPPSO is employed for optimally selecting the initial cluster centroids.
As discussed before, the Gaussian white noise is embedded in the velocity updating model
so that the particle’s ability to get rid of local optima is enhanced, which indicates that the
probability of getting better cluster centroids would be improved. The procedure of the

ASRPPSO-based clustering algorithm is described in Algorithm 3.
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Algorithm 3 The Procedure of the ASRPPSO-based FCM Algorithm

1: Initialize the parameters of ASRPPSO and FCM clustering, including the population size
P, inertia weight wy, acceleration coefficients ¢ ; and c3 1, and the maximum velocity
Vimax-

2: Set a swarm with P particles.

Initialize the position x; 1, the velocity v; 1, and the personal best pbest; 1 of each particle

i; initialize the global best gbest; of the swarm.

Obtain the cluster centroids.

Calculate the fitness value of each particle.

Update pbest; i of each particle and gbest; of the swarm.

Compute Ey according to Egs. (3.5) and (3.6), and determine the evolutionary state

according to Eq. (3.7).

Update wy, c1, and ¢z x according to Eqgs. (3.2)-(3.4).

9: Update the velocity v; x and the position x; x according to Eq. (3.1).
10: Terminate if the maximum number of iterations is reached; otherwise, repeat Steps 4-9.

W

AN

*®

3.3 Experimental Results

3.3.1 Evaluation of the ASRPPSO

The performance of the developed ASRPPSO is evaluated on a series of benchmark functions.
Here, 13 selected CEC basic benchmark functions are chosen for performance evaluation.
The details of selected benchmark functions are presented in Table 3.2. The experimental
results of the ASRPPSO are compared with the experimental results of some existing PSO
algorithms. In this experiment, both the swarm size and the dimension of the selected
benchmark functions are set to 30. For all chosen algorithms, the maximum iteration is set to
be 10000. To ensure statistical reliability, each experiment is repeated 30 times independently.
In the experiments, the mean and variance of the Gaussian white noises are set to be 0.5 and
1, respectively. The CPU used in the experiments is Intel Core i17-10700K. The programming
platform used in the experiment is MATLAB R2021a.

In the experiments, five PSO algorithms (including the basic PSO algorithm, the PSO-Li-
DIW algorithm [156, 158], the SPSO algorithm [177], the SDPSO algorithm [226], and the
PSO-AWAC algorithm [111] are selected for comparison. Experimental results of the adopted
algorithms via thirteen selected benchmark functions are summarized. The convergence plots

of the algorithms on each benchmark function are displayed in Figs. 3.1-3.13. The vertical
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Table 3.2 Details of selected benchmark functions

Function number Function name Search Range Minimum Threshold
Fi(x) Sphere Function [-100, 100] 0 0.1
F>(x) Schwefel 1.2 Function [-100, 100] 0 0.1
F3(x) Schwefel 2.21 Function [—100, 100] 0 0.1
Fy(x) Schwetfel 2.22 Function [-10, 10] 0 0.1
Fs5(x) Rosenbrock Function [-30, 30] 0 100
Fg(x) Step Function [—100, 100] 0 0.1
F7(x) Bent Cigar Function [—100, 100] 0 100
Fg(x) Rastrigin Function [-5.12,5.12] 0 50
Fy(x) Zakharov Function [-5,10] 0 0.1
Fio(x) Levy Function [-10, 10] 0 0.1
Fii(x) Ackley Function [-32,32] 0 0.1
Fia(x) Griewank Function [-600, 600] 0 0.1
Fi3(x) Sum of Different Powers Function [-1,1] 0 0.1

coordinate and the horizontal coordinate of the convergence plots indicate the logarithm
value of the mean fitness value and the generation number, respectively.

The statistical results (including minimum, mean, and standard deviation) of the fitness
values of the utilized algorithms on each benchmark function are listed in Table 3.3 and
Table 3.4 for performance evaluation. It is worth mentioning that the results of the PSO
algorithms on selected unimodal functions are listed in Table 3.3, and the results of the PSO
algorithms on selected multi-modal functions are listed in Table 3.4. The success ratio and
the iteration number when the algorithm converges are listed in Table 3.3 and Table 3.4 as
well.

It can be found from the figures that the proposed ASRPPSO shows better convergence
performance than the selected PSO algorithms. In Fig. 3.1, Figs. 3.5-3.7, Fig. 3.10, Figs. 3.12-
3.13, the ASRPPSO obtains the smallest mean fitness value. In Figs. 3.2-3.3, Figs. 3.8-3.9
and Fig. 3.11, the mean fitness value of the ASRPPSO is smaller than most of the selected
PSO algorithms. In Fig. 3.4, the differences between the mean fitness values of selected PSO
algorithms are not obvious. To summarize, the proposed ASRPPSO exhibits satisfactory
convergence performance.

The statistical results of selected PSO algorithms are presented in Table 3.3 and Table 3.4,

which contain the minimum, the mean fitness value, and the standard deviation of the
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solutions. The minimum fitness value, the mean fitness value, and the standard deviation
are the evaluation indices of the search ability of the algorithm. As the selected benchmark
functions are all minimization problems, the smaller the fitness value, the better the solution
found by the particles.

In Table 3.3 and Table 3.4, the minimum fitness value of the ASRPPSO is the smallest
among all that of the selected PSO algorithms on Fg(x), Fg(x) and Fjo(x)-Fi3(x). On the
rest of the benchmark functions, the ASRPPSO also shows competitive performance in terms
of the minimum fitness value. Compared with other selected PSO algorithms, the ASRPPSO
obtains the smallest mean fitness value on Fj(x), F5(x)-F7(x), Fio(x) and Fi(x)-Fi3(x).
Considering the standard deviation of the fitness value, the ASRPPSO obtains the smallest one
on Fy(x), Fs(x)-F7(x), Fip(x) and Fj5(x)-Fj3(x) compared with other chosen algorithms.
To conclude, the ASRPPSO has shown competitive performance on the benchmark functions
in terms of the solution quality and the search capability based on the statistical analysis.

The success ratio is also listed in Table 3.3 and Table 3.4. According to the table, the
ASRPPSO has the highest success ratio on F}(x)-F3(x), F5(x)-F;(x) and Fjo(x)-Fi3(x),
which means that the ASRPPSO could find the optimum with high probability. The success
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Table 3.3 Statistical results of the selected PSO algorithms on selected unimodal functions

PSO PSO-Li-DIW SPSO SDPSO PSO-AWAC  ASRPPSO
Fi(x) Minimum 1.62x10° 820x107% 3.42x107197 322x107° 1.69x10°7° 7.02x 10762
Mean 3.30 x 103 3.33 x 102 333x 102 257x1072  1.00x10° 1.20x 10~
Std. Dev. 3.05 % 10° 1.83 x 10° 1.83x10°  7.58x1072 3.05x10° 6.37x107%
Ratio 0% 96.67% 96.67% 93.33% 90% 100%
Con. Num. 10000 5142 580 6440 3770 1927
F>(x)  Minimum  5.24 x 103 255x1073  1.30x 10718 221x10> 563x107'2  2.93x107°
Mean 1.21 x 10* 6.61 x 10° 3.17 x 10° 1.77x 10> 6.72x 10° 2.56 x 10°
Std. Dev. 5.40 x 10° 6.95 x 10° 5.33 x 10° 3.17x10°  8.17x 103 4.28 x 10°
Ratio 0% 33.33% 66.67% 0% 40% 66.67%
Con. Num. 10000 9770 5277 10000 8299 5987
F3(x)  Minimum 1.59 x 10! 4.03x1072  1.58x107° 2.27 1.02x 1075 5.09x 107
Mean 1.92 x 10! 1.25x 107" 1.82x 1073 3.63 1.42%x107*  1.27x1072
Std. Dev. 1.40 8.04x 1072  2.53x107° 8.09x107' 234x107* 1.94x1072
Ratio 0% 43.33% 100% 0% 100% 100%
Con. Num. 10000 9853 3233 10000 5820 4153
F4(x)  Minimum 1.73x 100 234%x107%0 3.17x10712 941 x10™* 1.03x107%® 6.70x 1078
Mean 3.80 x 10! 2.07 x 10! 1.30 x 10! 6.39 2.60 x 10! 1.60 x 10!
Std. Dev. 1.67 x 10! 1.47 x 10! 1.26 x 10! 8.88 1.54 x 10! 1.19 x 10!
Ratio 0% 13.33% 33.33% 50% 6.67% 20%
Con. Num. 10000 9284 6755 8351 9527 8350
Fs(x) Minimum  2.34x 10° 3.02x 1072 3.89 231x100  2.48x1072 5.00x 1072
Mean 431%x10° 9.36 x 10° 3.16 x 10° 3.15%x10°  9.06x 103 1.76 x 102
Std. Dev. 1.10 x 10° 2.74 x 10* 1.64 x 10* 1.64x10*  2.74 x 10* 5.57 x 102
Ratio 0% 70% 86.67% 56.67% 80% 86.67%
Con. Num. 15000 11145 2388 10800 7547 4132
Fe(x)  Minimum 1.81 x 10° 0.00 0.00 0.00 0.00 0.00
Mean 231 %107 6.67 x 102 333x1072  233x10°"  3.33x10? 0.00
Std. Dev. 2.48 x 102 2.54 % 10° 1.83x 107! 5.68x107"  1.83x10° 0.00
Ratio 0% 93.33% 96.67% 83.33% 96.67% 100%
Con. Num. 10000 5537 1748 6906 3447 2166
F7(x)  Minimum 1.66 x 107 236%x107%  1.44x1073 4.42 6.06x 107 1.02x 1074
Mean 2.14 x 107 6.67 x 10° 4.96 x 10! 3.98%x10° 3.33x10° 4.34 % 10!
Std. Dev. 2.06 x 10° 2.54 % 107 5.05 x 10! 1.34x 10*  1.83x 107 5.04 x 10!
Ratio 0% 50% 53.33% 10% 53.33% 56.67%
Con. Num. 10000 7617 4836 9749 6359 5531
Fo(x) Minimum  1.61x10"  931x107° 1.75x107% 1.64x10"!' 5.91x1072%2 2.80x 1078
Mean 5.74 x 10! 1.05 x 10° 1.05 x 10° 4.82 3.92 x 10! 2.08 x 10!
Std. Dev. 4.14 % 10! 5.78 x 10° 5.78 x 10° 9.39 4.99 x 10! 3.09 x 10!
Ratio 0% 33.33% 76.67% 0% 33.33% 60%
Con. Num. 10000 8888 2988 10000 8010 5537
Fi3(x) Minimum  4.62 x 107232 0.00 0.00 0.00 0.00 0.00
Mean 4.92 x 107150 0.00 0.00 0.00 0.00 0.00
Std. Dev.  2.69 x 10~1%° 0.00 0.00 0.00 0.00 0.00
Ratio 100% 100% 100% 100% 100% 100%
Con. Num. 3 2 2 2 2 2

ratio of the ASRPPSO on Fy(x) also shows competitive performance compared with other

PSO algorithms. The ratio of all selected PSO algorithms on F4(x) and Fg(x) is not

satisfactory because the number of local optima of these functions is very large, which

indicates that it is difficult to find the globally optimal solution.
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Table 3.4 Statistical results of selected PSO algorithms on selected multi-modal functions

PSO PSO-Li-DIW SPSO SDPSO PSO-AWAC  ASRPPSO

Fg(x)  Minimum  1.78 x 107 1.49 x 10! 497x 10"  3.00x10"  1.59x 10! 8.95
Mean 1.94%x 10> 4.04x 10! 8.98x 10"  6.11x10"  536x 10! 4.75 x 10!
Std. Dev.  1.08 x 10! 2.24 x 10! 255%x 100 220x10'  2.58 x 10! 2.11 x 10!

Ratio 0% 70% 3.33% 36.67% 46.67% 56.67%
Con. Num. 10000 6446 9674 8107 6805 5372
Fio(x)  Minimum 5.29 1.50x 10732 895x 1072 1.00x10™* 1.50x 10732 1.50x 10732
Mean 7.22 6.65x 1072 8.63 1.80 2.74%x1072  8.90x 1013
Std. Dev. 8.01x 107!  2.56x 107! 7.89 2.95 1.50x 107! 4.93x 10712
Ratio 0% 93.33% 3.33% 53.33% 96.67% 100%
Con. Num. 10000 5175 9691 7667 3210 1958
Fi1(x)  Minimum 9.42 6.22x1075  622x 1075 1.78x1073 6.22x1075 6.22x 10713
Mean 1.09x 10! 8.82x 10715 897x107! 3.99x 1072 2.34 1.44x 10714
Std. Dev. 1.78 3.48x 1071 9.60x 107" 4.61x1072 5.32 4.68 x 10715
Ratio 0% 100% 46.67% 90% 83.33% 100%
Con. Num. 10000 5037 5487 7082 4281 2009
Fi2(x) Minimum  1.73 x 10’ 0.00 0.00 7.25%x 1077 0.00 0.00
Mean 2.20 x 10! 6.05 2.12x1072 5.83x1072 3.02 1.54 x 1072
Std. Dev. 2.56 2.29 x 10! 246x1072 720%x 1072  1.64x 10" 2.18x 1072
Ratio 0% 93.33% 96.67% 80% 96.67% 100%
Con. Num. 10000 5435 756 7877 3191 1960

The number of iterations when the algorithm converges is illustrated in Table 3.3 and
Table 3.4 as well. It can be seen from the table that the ASRPPSO performed well in all 13
functions compared with other selected algorithms.

To summarize, by comparing with other selected PSO algorithms, the proposed ASRPPSO
demonstrates superior performance over the compared ones in terms of convergence and

search ability.

3.3.2 Evaluation of the ASRPPSO-based FCM Algorithm

To verify the effectiveness of the proposed ASRPPSO-based FCM clustering algorithm, the
Iris data from the UCI machine learning repository is employed for performance evaluation.
Experimental results are assessed by using the Rand Index (RI), the Adjusted Rand Index
(ARI), and the Weighted Kappa (WK) coefficient.

The Rand Index (RI) is a similarity measure that quantifies the agreement between two
clustering results, as well as the agreement between a clustering result and the ground-truth
labels. Note that for random clustering, the RI does not take a fixed value but fluctuates

around 0. As such, the ARI is introduced to overcome this shortcoming. The value of the
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ARI is between -1 and 1. When the clustering results are compared with labeled data, the
larger the ARI, the higher the accuracy of the clustering results. In addition, the larger the
ARI, the higher the similarity between the two clustering results.

The WK coefficient is a statistical measure used to quantify the consistency between two
data partitions. Its value reflects the level of agreement between the two results. If the value
is negative, the agreement between two comparators is worse than random. If the value is O,
it means the agreement between the comparators is equal to random. If the value is closer to
1, the agreement between the two comparators is higher.

The comparison evaluation of the clustering results by using the ASRPPSO-based FCM
algorithm and the original FCM algorithm is listed in Table 3.5.

Table 3.5 Evaluation of two clustering algorithms

Algorithm WK ARI RI
ASRPPSO-based FCM  0.7287 0.7287 0.8797
FCM 0.7149 0.7149 0.8737

According to Table 3.5, the WK coefficient, ARI, and RI of the ASRPPSO-based FCM
algorithm are 0.7287, 0.7287, and 0.8797, respectively. The WK coeflicient, ARI, and RI
of the FCM algorithm are(0.7149, 0.7149, and 0.8737, respectively. It can be found from
the results that the ASRPPSO-based FCM algorithm is an effective clustering algorithm,
which exhibits better performance than the FCM algorithm in aspects of WK, ARI, and RI.
Therefore, the effectiveness and reliability of the developed ASRPPSO-based FCM algorithm

are proven based on experimental results.

3.3.3 Outlier Detection on WAAM Data Sets

Data Pre-Processing

As mentioned previously in Section 2.3, there are four variables (e.g., X_Value, Current,
Voltage, and ComputerTime) in each data set. In the experiments, only the voltage and
current are utilized for outlier detection. The missing values and null values in the data sets
are removed for data cleaning. In order to avoid the influence of different attributes, it is

necessary to make every instance in each data set have the same scale so that each feature is
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equally measured. Thus, the min-max normalization process is carried out to pre-process the

data. The min-max normalization is given by:

X; — Xmi
Xy, = 0 (3.8)
Xmax - Xmin

where Xy, denotes the ith normalized value of the variable X; Xn.x and X, represent the

maximum and the minimum values of X, respectively.

The Results of the Outlier Detection on WAAM Data Sets

During the AM process, some values of current and voltage may occasionally change abruptly,
which indicates that the process is unstable. In this case, these instances are regarded as
outliers. In the experiment, the number of clusters is 2, and each data sample contains 2
measured variables. As such, the number of variables to be optimized is 4. These variables
are continuous centroid coordinates, and each coordinate is constrained within the range of
the corresponding measured variable. The fitness value is calculated using the FCM objective
function. The population size is set to 20 and the maximum number of iterations is set to 500.
Therefore, the computational budget is 10000 fitness evaluations. The results of the outlier

detection are shown in Table 3.6.

Table 3.6 Outlier detection results

Data Set  Clusterl Cluster2 (Outlier)

Data Set 1~ 81326 16674
Data Set2 78979 19021
Data Set3 79954 18046
Data Set4 83023 14977
Data Set5 83096 14904

The clustering performance of the developed outlier detection method on the WAAM
data sets is evaluated by using the silhouette coefficients, which is an effective approach to
assess the unlabeled data clustering results [150]. Generally, the silhouette coefficient value
is between -1 and 1. The performance of clustering is better when the value is closer to 1. In
the experiments, the clustering performance of the proposed method is evaluated by using the
average silhouette coefficients of all data points in each data set. Experimental results are

shown in Table 3.7 and Figs. 3.14-3.18.
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Silhouette Cluster Evaluation

Cluster
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Fig. 3.14 The average silhouette coefficient of the clustering result on data set 1

Silhouette Cluster Evaluation

Cluster

0 0.2 0.4 0.6 0.8 1
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Fig. 3.15 The average silhouette coefficient of the clustering result on data set 2
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Silhouette Cluster Evaluation
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Fig. 3.16 The average silhouette coeflicient of the clustering result on data set 3

Silhouette Cluster Evaluation
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Fig. 3.17 The average silhouette coefficient of the clustering result on data set 4
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Table 3.7 The average silhouette coefficients of the clustering results

Data Set  Average Silhouette Coeflicients

Data Set 1 0.9135
Data Set 2 0.9034
Data Set 3 0.9073
Data Set 4 0.9123
Data Set 5 0.9315

Silhouette Cluster Evaluation

Cluster

0 0.2 0.4 0.6 0.8 1
Silhouette Value

Fig. 3.18 The average silhouette coeflicient of the clustering result on data set 5

From Figs. 3.14-3.18, most of the silhouette values are positive, which means most data
points are assigned to the right clusters. At the same time, according to Table 3.7, the average
silhouette coeflicients are all close to 1. Overall, the results of the ASRPPSO-based FCM

clustering algorithm on the AM data are reasonable, which demonstrates the effectiveness of

the developed method.



3.4 Conclusion 89

3.4 Conclusion

To conclude, an optimized FCM-based outlier detection method has been proposed for outlier
detection on unlabeled WAAM data. Specifically, the ASRPPSO has been developed to
optimize the initial locations of the cluster centroids in the FCM algorithm. An AWU strategy
has been designed in the ASRPPSO to adaptively adjust the acceleration coeflicients, and
the Gaussian white noise has been added to the velocity updating equation based on the
evolutionary states. Experimental results have shown the superiority of the ASRPPSO over
some existing PSO algorithms in terms of convergence rate and solution quality. The outlier
detection results have also shown the effectiveness of the proposed optimized FCM-based
method. Future work can be summarized into the following five aspects: 1) designing a
parameter selection strategy to automatically choose the parameters of the adaptive weighting
function; 2) adjusting the mean and variance of the random noises adaptively for different
evolutionary states; 3) applying the ASRPPSO to multi-objective optimization problems; and

4) deploying the proposed outlier detection algorithm to some other data analysis applications.



Chapter 4

Outlier Detection under Small-Sample
Conditions: A
Particle-Swarm-Optimization-Assisted

Deep Transfer Learning Framework

4.1 Motivation

By identifying abnormal instances, outlier detection has been widely used in industrial data
analysis. Thanks to its powerful feature extraction ability, DL has been extensively utilized in
outlier detection, which contributes to the rapid development of DL-based outlier detection
methods. Recently, numerous DL algorithms have been presented for tackling various outlier
detection tasks [133].

Owing to the data-hungry nature of DL, a vast amount of training data with high-quality
labels is required to build a reliable DL-based outlier detection model. By using DL methods,
training data and testing data should be independent and identically distributed (i.i.d.).
Nevertheless, it is difficult to guarantee that the collected data obey the i.i.d. rule in real-world
problems. Meanwhile, the small-sample problem poses an additional challenge, since the
limited amount of available data restricts the model’s ability to learn robust representations.

Fortunately, such constraints could be relaxed with the assistance of transfer learning (TL),
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which attempts to fully leverage the knowledge discovered from the source domain for
analyzing the target domain [197]. Among existing TL techniques, deep transfer learning
(DTL) techniques have been widely adopted due mainly to their strong feature extraction and
knowledge transfer abilities.

Serving as a popular class of DTL techniques, deep domain adaptation (DDA) has been
developed to reduce the cross-domain distribution discrepancy [115]. Recently, various
DDA methods have been introduced, which mainly include metric-learning-based DDA
approaches, reconstruction-based DDA approaches, and adversarial-learning-based DDA
approaches. Among them, the metric-learning-based approaches could quantify the cross-
domain distribution discrepancy with the assistance of statistical approaches. Recognized as
a well-known distance metric, in recent years, the maximum mean discrepancy (MMD) has
been extensively exploited in metric-learning-based DDA approaches due to its computational
efficiency and flexibility [132]. In many existing metric-learning-based DDA approaches
that employ MMD, the marginal and conditional distributions are treated as having equal
importance, which overlooks the distributional differences between the source and target
domains. In this case, the trained DL. model may be biased. To balance the influences of
various distribution discrepancies and inspired by [192, 199], we will introduce weighting
factors into the loss function of metric-learning-based DDA methods.

Data imbalance is a widespread problem in outlier detection, which makes it difficult to
build a reliable detection model [178]. In most real-world scenarios, the quantity of normal
instances is much larger than that of abnormal instances (i.e., outliers). Here, we separately
consider the distribution discrepancies of outliers and normal instances in the proposed DDA
strategy by introducing two independent coefficients (i.e., hyper-parameters). The coefficients
are employed to balance the influences of the normal data and outliers to alleviate the data
imbalance problem.

Hyper-parameters are generally chosen based on experimental experience, which is
time-consuming [8]. A reasonable solution is to apply optimization techniques to select
optimal hyper-parameters. It is worth mentioning that the relationship between these hyper-
parameters and the training performance is indirect, since the hyper-parameters affect the
balance among different loss terms and influence the model training process. Therefore, itis not

straightforward to optimize these hyper-parameters directly using gradient-based mathematical
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programming methods. Thanks to its fast convergence rate and low implementation difficulty,
PSO has been successfully adopted to choose optimal hyper-parameters [118]. Compared
with grid-based methods, PSO is more suitable for searching continuous hyper-parameters
within predefined bounds without exhaustively evaluating a large number of parameter
combinations. Compared with black-box optimizers, PSO has a clear update mechanism and
can be conveniently embedded into the DTL training process. It is therefore reasonable to
employ the PSO algorithm to automatically tune the hyper-parameters.

To sum up, this chapter develops a PSO-embedded DTL framework for outlier detection
on imbalanced industrial datasets in a limited-sample scenario. The utilized data set is
collected by multiple sensors deployed in a WAAM pilot line. The contributions are listed in
the following threefold:

1. A novel DDA strategy is proposed, where the weighting factors are designed to
balance i) the marginal distribution discrepancy loss and ii) the conditional distribution
discrepancy loss of both normal instances and outliers to tackle the data imbalance

problem.
2. The PSO algorithm is employed to select the optimal weighting factors automatically.

3. The developed approach is deployed to detect the outliers on real-world industrial data
obtained through the WAAM process. Experimental results demonstrate the superiority
of the developed PSO-embedded DTL outlier detection approach over two benchmark

approaches.

The remaining sections of this chapter are organized as follows. The preliminary is
provided in Section 4.2. In Section 4.3, the developed DTL framework is introduced.
Experiment settings, network configurations, and results are presented in Section 4.4. Finally,

conclusions and future directions are presented in Section 4.5.

4.2 Preliminary

The DDA strategy aims to align the source and target domains by minimizing the cross-

domain distribution discrepancy based on the conditional distribution P(Y|X). In general,
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calculating P(Y'|X) directly is a difficult mission. Many existing DDA strategies employ the
Bayes’ theorem to obtain P(Y|X) [114, 199]. MMD is a powerful approach to quantify the
distribution discrepancy between the source domain and target domain [132]. The MMD is
calculated by mapping the original data into a reproducing kernel Hilbert space (RKHS). The
MMD of P (X) between the source domain and target domain can be calculated by:

D(X°,X") = 4.1)

where X* and X’ represent the source and target data, respectively; n and m are the total
number of instances in the source and target domains, respectively; x; and x! indicate the
ith samples in the source and target domains, respectively; ¢(-) denotes a mapping from the
original space into the RKHS; and ||- ||${ is the squared norm in the RKHS.

It is worth mentioning that in the DDA strategy for the binary classification task, the
marginal distributions P (Y) of the source and target domains are the same, and the MMD of
P (X|Y) between the source and target domains (i.e., D (X*|Y*, X’|Y")) can be calculated by
accumulating the MMDs of the instances with same classes between the source and target

domains. D (X*|Y*, X'|Y’) can be calculated by:
D (X°|Y*, X'|Y")

AR RIAI

where n; and n, represent the total numbers of source domain instances in class 1 and class
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2, respectively; m| and m, represent the total number of target domain instances in class 1
and class 2, respectively; x, and x , indicate the ith samples of the first class in the source
and target domains, respectlvely, and x;. , and x;. , are the jth samples of the second class in

the source and target domains, respectively.
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4.3 Methodology

In some existing DDA-based classification methods, the loss function is designed by
considering the classification loss and the domain loss. Recently, many researchers have
focused on balancing the weights between the classification loss and the domain loss [114].
Nevertheless, the scale of distribution discrepancies between the source data and target data
should also be considered. Using hyper-parameters to adjust the weight of each term in the
loss function has been proven to be a fast and easy approach. In [114], the hyper-parameters
have been introduced to adjust the weight among the domain loss, the regularization term,
and the training loss.

Note that data imbalance is a frequent problem in data analysis, which could lead to a
biased model with unsatisfactory results. Recently, a number of strategies have been proposed
in order to tackle the data imbalance challenge [192]. In [192], the data imbalance problem
has been tackled by adaptively changing the weights of samples from different classes. It
is worth mentioning that the marginal distributions are assumed to be unchanged when
calculating the MMD of P(Y|X), which may affect the classification accuracy when dealing
with other data sets. Motivated by the above discussions, the weights of different domain
losses and the weights to tackle the imbalance problem are considered at the same time so as
to design a proper loss function.

The selection of hyper-parameters is usually manual and based on experimental experience.
In fact, selecting the optimal hyper-parameters is an optimization problem. As a popular
optimization algorithm, the PSO algorithm (which is a famous evolutionary computation
technique) has been widely exploited in various optimization tasks because of its high
efficiency and easy implementation, which seems to be an appropriate solution to select the
optimum hyper-parameters automatically.

In this chapter, a novel PSO-embedded DTL framework is developed, where a new DDA
strategy is put forward to reduce the cross-domain discrepancy by adjusting the weight of
marginal distribution discrepancy loss and the conditional distribution discrepancy loss.
In addition, two separate coefficients are introduced to balance the conditional domain
discrepancies of normal instances and outliers with the hope to alleviate the data imbalance

problem. In addition, the hyper-parameters are tuned by the PSO algorithm automatically.
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Fig. 4.1 The proposed PSO-embedded DTL outlier detection approach

4.3.1 The PSO-Embedded DTL Framework

The developed framework is displayed in Fig. 4.1. The convolutional neural network (CNN)
is utilized for feature extraction, which comprises five convolutional modules and three
fully connected (FC) layers. In each convolutional module, there is one convolutional layer
followed by the Gaussian error linear unit (GELU) mapping and batch normalization. In the
first and second FC layers, the activation function is GELU. As a popular activation function,
GELU shows better robustness and generalization ability than some existing activation
functions (e.g., ReLU and Leakly-ReL.U) in some sense [76]. As such, GELU is selected as

the activation function. In the third FC layer, the softmax activation function is adopted.

4.3.2 Loss Function
Classification Loss

The binary cross-entropy is applied to calculate the classification loss. Specifically, the
classification loss includes the classification loss of the source data L? and the target data L.

L¢ and LY are given by:

s__l s K S 8
Ly= =) Iyilog (p}) + (1 -y} log (1-p})] (4.3)
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where n and m are the source and target sample numbers, respectively; p! and p! represent
the probabilities when the predicted label is the same as the real label of the ith sample in the
source and target domains, respectively; and y; and y! are the real labels of the ith sample in

the source and target domains, respectively.

Domain Loss

The domain loss between source and target domains contains two parts (i.e., marginal
P(X) P(X|Y)

distribution discrepancy L, and conditional distribution discrepancy L,y ), which can
be calculated by:
1< 1 < ’
P(X
Lypad = H;Z‘?’(‘” (xli)) - ZZ"’(‘” (xz)) : (4.5)
k=1 k=1 H
P(X|Y) _ P(X|Y=Normal) P(X|Y=Outlier)
Lyvp ™ = MLy + 12 Lyyp
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where Lf,[(l\),[(g =Normal) (Llf,l(l\)/[(g =Outlier)y denotes the domain discrepancy loss of normal data

(outliers) between source and target domains; u; and u, are two coefficients; ny and np
represent the normal data and outliers in the source domain, respectively; my and m¢ are the

normal data and outliers in the target domain, respectively; x;, x/, represent the kth sample of

N

k b
the data in source and target domains, respectively; xf and xlf are the ith sample of the normal
data in source and target domains, respectively; xj and x; are the jth sample of outliers in
source and target domains, respectively; and y/(-) represents the distributions of deep features
of P(:). ¥(-) is learned by five convolutional modules and the first two fully connected

modules in the designed CNN model. In our framework, the Gaussian kernel is employed,
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which is given as follows:

—lla = blI?
k(a.b) = exp | 19=2I7) | 4.7)
202
where a and b are two random samples; ||-|| is the Euclidean distance; and o represents the

kernel’s width.

Overall Loss Function

The entire loss function of the proposed outlier detection approach is given as follows:

P(X)
MMD
P(X|Y=Outlier)
MMD

P(X|Y=Normal)

L=L5+06L. +¢L MMD

+u L

+ L + Aol (4.8)

where ||-||, is the L, norm to avoid the overfitting problem; w denotes the weights of the CNN;
0 and ¢ are weighting factors to balance the domain discrepancy loss of normal instances and

outliers; and A is the penalty factor.

Remark 4.1. During the WAAM process, the working status is normal most of the time. The
current and voltage will be abnormal only when some unexpected changes occur (e.g., arc
instability and irregular metal transfer). In this case, the WAAM data set seriously suffers
from the data imbalance problem, where the number of normal instances is much greater

than that of outliers. To alleviate the impact of class imbalance, two coefficients (i.e., u;

P(X|Y=Normal) and LP(X|Y=0utlier)

MMD MMD is balanced

and uy) are introduced. The weight between L
by adjusting uy and u,, which improves the performance of the model on WAAM outlier

detection.

4.3.3 Parameter Optimization
Basic PSO

In the basic PSO algorithm, each particle in the swarm is a candidate solution, which is
directed by its personal best location and the global best location (i.e., pbest and gbest) found
by the entire swarm in a D-dimensional problem space. The updating equations of the

velocity and position of the ath particle at the 8 + 1th iteration (i.e., v g+1 and x4 g41) are
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Fig. 4.2 The training procedure of the developed framework
given as follows:

Va.prl = Wa g+ €171 (Piag — Xap) + C2r2 (P88 — Xap) » 49)

Xa,B+1 = Xa, T Va,p+1,

where w denotes the inertia weight; ¢; and ¢, represent two acceleration coefficients; | and
rp are two random numbers selected from [0, 1]; pi, g denotes the personal best location

found by the ath particle itself; pgg is the global best location of all particles.

Optimization Strategy

The basic PSO algorithm is used for selecting proper hyper-parameters (o, 0, €, 1, and u»).
The CNN weights w are optimized by the Adam algorithm. During the training process, the
hyper-parameters and net parameters are updated automatically. The training procedure of the
method is depicted in Fig. 4.2. The hyper-parameter selection and model training procedure
can be interpreted as a bi-level optimization problem. In this setting, the upper-level problem
aims to search for suitable hyper-parameters using PSO, while the lower-level problem
trains the deep transfer learning model under each candidate hyper-parameter setting. After

the corresponding lower-level model training process, the fitness value of each particle is
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calculated based on the overall loss function of the trained model, and this value is then used

to guide the upper-level PSO search.

4.4 WAAM Outlier Detection

Data Pre-Processing

In the experiments, the abnormal data points (e.g., missing or null) are removed to obtain
clean data. To enhance the difference between the instances, the values of current and voltage
are transformed to their cubes. Each data set is divided into several consecutive segments with
the purpose of extracting and analyzing the features of time, where each segment (containing
56 instances) corresponds to a label (i.e., “Normal” and “Outlier”). The label of each segment
depends on the label of each instance in the segment. Specifically, the label of the segment
will be “Normal” if the labels of all the instances in this segment are “Normal”, otherwise,
the label of this segment will be “Outlier”. In the experiments, the labels are transformed to

one-hot formats for ease of classification.

4.4.1 Model Training

Parameter Setting and Model Configuration

The system of the experiments is Ubuntu 20.04.5. The GPU is NVIDIA RTX A6000 with
49 GB of memory. The experiments are conducted on Python 3.10.9 and CUDA 11.7. The
configurations of 5 convolutional modules and 3 FC layers are displayed in Fig. 4.1. In the
experiment, the developed approach is compared with the CNN-based approach and the
basic DTL-based approach with the purpose of verifying the performance of the developed
approach. The ablation study is also conducted to verify the effectiveness of the regularization
term in the developed approach. Note that the same network architecture and configurations
of the CNN are employed for comparison.

In the experiments, the hyper-parameters (o, 9, €, u1, and u) are selected automatically
by the basic PSO algorithm. The constraint intervals of hyper-parameters are set to be
[0,100], [1,5], [0, 3], [0,3], and [1, 10], respectively. In order to put more consideration

into the target data, the minimum of ¢ is set to be 1. The maximum of y; is set to be 12,
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which aims to tackle the data imbalance problem. Based on the experimental experience, the
parameter A of the L, regularization term is set as 0.00001. In the basic PSO algorithm, the
particle number is 25, and the number of generations is set to 20, resulting in 500 fitness
evaluations for each PSO search. The control parameters (e.g., w, c1, and c¢;) are set to be

0.6, 1.5, and 1.5, respectively.

Model Training and Testing

In the experiments, two different data sets are selected as the source and target data sets
which both contain all segments and labels of the pre-processed data sets. The training data
consists of two parts, which are the source and target training data. To be specific, the source
training data is the same as the source data. The target training data is the first 450 segments
of the target data. Through the training process, the source and target training data are fed
to the CNN at the same time. The classification loss is calculated based on the source and
target training data. The domain loss is calculated based on the deep features of the source
and target training data. The total number of training epochs is 1000, and the PSO search
is performed every 50 training epochs. Therefore, the PSO search is conducted 20 times
during the whole training process, and the cumulative computational budget is 10000 fitness
evaluations. The testing data is the rest of the target data excluding the target training data.
The testing data is input to the trained model after the training process. The output of the
testing process is the predicted labels of the testing data.

In realistic application scenarios, labeled WAAM data usually become available progres-
sively from the beginning of the WAAM process, rather than being randomly sampled from
the entire sequence. To better reflect practical deployment conditions, in the experiments,
the initial segments of the target data are used as limited labeled training data, while the
remaining segments are reserved as unseen testing data. It should be noted that such a
sequential split may introduce temporal or ordering bias, since the initial segments may not
fully represent the distribution of the later segments, especially when the WAAM process
is time-varying or when outliers are unevenly distributed. To mitigate this issue, in the
experiments, the target training and testing sets are kept strictly non-overlapping, and the

same chronological splitting strategy is applied to all compared methods. The proposed
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framework is also evaluated across multiple source-target data set combinations to examine

its robustness under different transfer scenarios.

4.4.2 Results and Discussion
Experimental Results

In the experiments, one data set is selected as the source data set, and the other data sets are
selected as the target data sets. We select three data sets (Datal, Data3, and Data$5) as the
source data sets in turn. The optimization process of the developed approach is shown in
Figs. 4.3-4.5, where columns 1-5 represent 0, €, ui, u2, and o, respectively, and rows 1-4

represent four target data sets.
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Fig. 4.3 The optimization process of the developed framework when Data 1 is the source data

Five outlier detection tasks (i.e., T1, T2, T3, T4, and T5) are explored by utilizing
the designed approach. In each task, two different data sets are selected randomly. Three
evaluation metrics (i.e., accuracy, precision, and sensitivity) are employed for performance
evaluation. The accuracy, precision, and sensitivity of three approaches on five outlier
detection tasks are summarized in Table 4.1. As mentioned previously, in each outlier

detection task, the source and target data sets are randomly selected from 5 data sets. In
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Fig. 4.5 The optimization process of the developed framework when Data 5 is the source data

the table, the selected source and target data in each task are described as “(source data,

target data)”. According to Table 4.1, the developed framework obtains the highest values
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in accuracy, precision, and sensitivity in all five tasks. The results also demonstrate the

effectiveness of the regularization term of the developed approach.

Table 4.1 The outlier detection results using selected approaches

Evaluation Metrics Approach T1 (Datal, Data2) T2 (Data2, Data4) T3 (Data3, Datal) T4 (Data4, Data5) TS5 (Data5, Data3)
CNN 78.85 92.46 99.00 96.38 95.23
Accuracy (%) CNN+I_)DA o 97.62 99.08 99.11 98.15 98.38
Developed Approach without Regularization 97.04 98.18 97.69 98.17 97.25
Developed Approach 97.69 99.15 99.46 98.62 99.08
CNN 45.12 70.18 96.14 95.46 93.34
Precision (%) CNN+I_)DA o 94.65 98.52 96.15 97.55 96.15
Developed Approach without Regularization 96.34 95.23 95.94 97.48 95.33
Developed Approach 96.67 98.86 96.87 98.33 97.20
CNN 38.19 92.34 98.25 95.34 75.11
Sensitivity (%) CNN+I?DA o 90.94 95.69 98.68 96.82 94.94
Developed Approach without Regularization 89.18 94.35 96.72 96.14 94.05
Developed Approach 91.34 96.55 98.71 97.23 95.57

The optimal values of 5 hyper-parameters selected by the PSO algorithm in each outlier
task are listed in Table 4.2. We can see in Tables 4.1-4.2 that the discovered hyper-parameters
are different in each outlier detection task, which indicates that the solution space of each task
is quite different. Thereby, there is a need to apply such kind of hyper-parameter optimization
strategy for analyzing the sensor data collected in various working status. Compared with
two benchmark methods, the proposed PSO-embedded DTL outlier detection approach has

better detection accuracy and exhibits satisfactory generalization ability.

Table 4.2 The optimal values of hyper-parameters in each outlier detection task

Task 0 £ Ui ) loa

T1 230 138 156 1.06 63.90
T2 1.07 114 150 484 5751
T3 1.73 153 081 539 7481
T4 1.54 1.01 1.17  5.08  72.06
T5 128 147 072 518  69.45

4.5 Conclusion

In this chapter, a novel PSO-embedded DTL framework has been developed for outlier
detection on imbalanced WAAM data under limited-sample conditions. A new DDA strategy
has been put forward to minimize the cross-domain discrepancies of both the marginal
distribution and the conditional distribution. To be specific, in order to alleviate the data

imbalance problem, the conditional domain discrepancies of normal instances and outliers
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have been adjusted by two separate coefficients. The PSO algorithm has been adopted
to adjust the hyper-parameters of the proposed method. The developed DTL framework
has been applied in the outlier detection tasks on WAAM data sets. Experimental results
have shown satisfactory performance in the detection accuracy of the proposed approach.
The developed framework has shown promising performance of outlier detection on the
WAAM data sets collected from real-world manufacturing processes. Future work can be
summarized into the following five aspects: 1) applying the developed framework to the
real-world outlier detection tasks in WAAM; 2) developing advanced optimization algorithms
for hyper-parameters selection; 3) adjusting the model structure; 4) designing appropriate
regularization terms for the model; and 5) deploying the proposed framework to some other

outlier detection tasks.



Chapter 5

Outlier Detection under Limited Noisy
Labeled Data: A Transformer-Embedded

Contrastive Learning Framework

5.1 Motivation

DL has been extensively studied in recent years due to its remarkable ability to process
large-scale data and its superior performance in feature extraction [110]. In DL, the quality of
training data is crucial in determining the overall effectiveness of DL models. The accuracy of
labels within the training data set is of paramount importance, as mislabeled data (commonly
referred to as noisy labels) may introduce misleading information during training, thereby
impairing the model’s generalization ability and degrading overall performance in real-world
applications.

To mitigate the adverse effects of noisy labels on DL models, LNL has recently been
investigated extensively, leading to the proposal of numerous approaches [167]. Among
existing LNL methods, sample selection, label correction, and robust training have been
recognized as three prominent categories due to their satisfactory performance and ease
of implementation. It should be noted that sample selection approaches may lead to the
exclusion of potentially valuable data, thereby reducing the diversity and completeness of

the training set. Meanwhile, label correction approaches can introduce further errors if the
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corrected labels are inaccurate, ultimately misleading the training process and potentially
reinforcing incorrect patterns in the model. Furthermore, each data point in an industrial time
series contains essential intrinsic and structural information, which is critical for accurately
identifying outliers, preserving temporal dependencies, and maintaining feature integrity in
the presence of noisy labels [70].

To establish a reliable outlier detection model based on robust training approaches, the
extraction of inherent patterns and features from industrial data is of critical importance. As
a powerful family of feature extraction techniques, encoder-based methods have been widely
employed in robust training-based LNL approaches due to their capability of capturing complex
data representations [18, 174]. Among encoder-based methods, the Transformer has been
particularly effective in handling time series data, primarily due to its self-attention mechanism.
The Transformer encoder allows multivariate time series to be processed simultaneously
while capturing dependencies across different dimensions, thereby eliminating the need for
data pre-processing [189].

It is worth mentioning that the standard training scheme of the Transformer encoder
typically follows a supervised approach, which is susceptible to the adverse effects of noisy
labels. In contrast, self-supervised learning has emerged as a viable alternative, as it does
not rely on label information during training. Among self-supervised learning techniques,
contrastive learning has been particularly effective, as it aims to bring similar (i.e., positive)
samples closer together while pushing dissimilar (i.e., negative) samples further apart. To
date, contrastive learning has been widely adopted in robust training-based LNL approaches
for constructing reliable encoders [80, 174].

Existing LNL approaches based on contrastive learning identify positive and negative
sample pairs through data augmentation [74, 129]. Nevertheless, conventional data aug-
mentation methods often fail to capture the intricate characteristics of time series data and
tend to increase computational costs, particularly when handling large-scale data sets. To
overcome these limitations, clustering algorithms, which group similar data points into distinct
clusters based on inherent features, have been successfully employed for selecting positive
and negative sample pairs in contrastive learning [40]. Recognized as a well-established
clustering algorithm, the FCM algorithm enables data points to belong to multiple clusters

with varying degrees of membership, leveraging fuzzy logic principles. Compared with hard
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clustering algorithms, FCM is not only easier to implement but also offers greater flexibility
in handling complex data distributions. However, its performance may degrade when applied
to high-dimensional data, primarily due to the presence of sparse and redundant features
extracted by the Transformer encoder [64].

A seemingly natural solution for clustering high-dimensional data is to adopt the uni-
form manifold approximation and projection (UMAP) method, which serves as a com-
petitive manifold-learning-based dimensionality reduction technique, in order to obtain a
low-dimensional embedding from the high-dimensional input [193]. The extracted low-
dimensional representation can then serve as the input for the FCM algorithm, improving
clustering effectiveness while mitigating the impact of irrelevant features. It is noticeable
that clustering algorithms have been widely utilized in outlier detection as they are capable of
uncovering the intrinsic structures and relationships within data, thereby providing valuable
insights. As such, beyond determining positive and negative sample pairs, the partitions
generated by the FCM algorithm can also be leveraged for model regularization, further
enhancing the model’s generalization ability and overall performance.

Motivated by the above discussions, this chapter proposes a novel Transformer-embedded
LNL framework with fuzzy-clustering-assisted contrastive learning (TFCCL) for outlier
detection in industrial time series data with noisy labels. Specifically, a fuzzy-clustering-
assisted contrastive learning (FCCL) approach is developed to train the Transformer encoder,
where the UMAP-based FCM (UFCM) algorithm is introduced to determine positive and
negative sample pairs for contrastive learning based on clustering results. A dynamic
two-stage scheme is formulated for training the outlier detector. In the first training stage, the
Transformer encoder is pre-trained to enhance its feature extraction capability on industrial
time series data through data reconstruction. In the second stage, the outlier detector is trained
jointly with the Transformer encoder, while the UFCM algorithm is dynamically updated
throughout the training process. Furthermore, a joint learning strategy is proposed for the
second training stage, incorporating a label-consistency regularization term to minimize the
discrepancy between outputs from the outlier detector and the UFCM algorithm, thereby
improving the model’s robustness against noisy labels.

The main contributions are summarized as follows.
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1. A novel FCCL strategy is proposed for training the Transformer encoder, where the
UFCM algorithm is designed to process high-dimensional features and identify positive

and negative sample pairs for contrastive learning.

2. A dynamic two-stage training scheme is introduced for the outlier detector, where the
Transformer encoder is pre-trained in the first stage via data reconstruction, and in the

second stage, the outlier detector is jointly trained with the Transformer encoder.

3. A joint learning strategy is developed, incorporating a label-consistency regularization
term to improve the model’s generalization ability and robustness against noisy labels
by minimizing the discrepancy between outputs from the outlier detector and the

UFCM algorithm.

4. The proposed TFCCL framework is applied to outlier detection on limited WAAM
data with noisy labels. Experimental results validate the effectiveness of the proposed

TFCCL framework.

The remainder of this chapter is organized as follows. In Section 5.2, the proposed TFCCL
framework and the training scheme are introduced. Experimental results for WAAM outlier
detection under noisy labels are presented in Section 5.3. Finally, Section 5.4 concludes the

chapter and provides discussions on potential future research directions.

5.2 Methodology

In the presence of noisy labels, the supervised training process of the Transformer encoder
may be adversely affected, leading to degraded feature extraction performance. To mitigate
this issue, an effective approach is to reduce the model’s reliance on ground-truth labels. As
a self-supervised learning method, contrastive learning leverages the intrinsic relationships
among samples to learn meaningful representations without requiring label supervision,
making it a valuable technique for improving model robustness. In recent years, contrastive
learning has been widely employed to assist model training, particularly in LNL. For instance,
in [174], a self-supervised contrastive learning approach has been introduced for LNL to

demonstrate its effectiveness in training both the encoder and classifier despite label noise.
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It is worth noting that, in conventional contrastive learning, positive and negative sample
pairs for each data point are typically identified using data augmentation methods. However,
this approach is not well-suited for large-scale time series data sets, as it may fail to capture
complex temporal dependencies and could significantly increase computational costs. To
overcome this limitation, a clustering-based approach for selecting positive and negative
sample pairs presents a more efficient alternative. By leveraging the underlying structural
information within the data, clustering enhances the correlation and diversity of positive and
negative sample pairs while eliminating the need for additional label information, thereby
improving the reliability of contrastive learning in noisy-label scenarios.

The FCM algorithm is a promising clustering technique for handling noisy and large-
scale data, as it employs fuzzy logic to capture soft boundaries between clusters and assigns
membership degrees to each data point across multiple clusters. Furthermore, the membership
degrees generated by FCM can be used to regularize the classifier’s output, thereby reducing
the impact of label noise. To fully utilize both the inherent features and structural information
in time series data for clustering, the Transformer encoder has recently been widely employed
to extract effective feature representations [40]. However, directly using the high-dimensional
features extracted by the Transformer encoder from large-scale time series data sets may
degrade clustering performance. To overcome this challenge, applying dimensionality
reduction techniques presents a natural and effective solution, as they can refine the extracted
features by preserving essential structures while reducing computational complexity.

In this section, a novel TFCCL framework is developed for outlier detection on time
series data with noisy labels. Specifically, an FCCL strategy is proposed to aid in training
the Transformer encoder, where a UFCM algorithm is designed to process high-dimensional
features and identify positive and negative sample pairs for contrastive learning. A dynamic
two-stage scheme is introduced for training the outlier detector. In the first stage, the
Transformer encoder is pre-trained to enhance feature extraction capability on industrial
time series data through data reconstruction. In the second stage, the outlier detector is
jointly trained with the Transformer encoder, while the UFCM algorithm is dynamically
updated throughout the training process. Furthermore, a joint learning strategy is proposed

to improve the classifier’s robustness against noisy labels, incorporating a label-consistency
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regularization term to minimize the discrepancy between the outputs of the outlier detector

and the UFCM algorithm.

5.2.1 Overview of the TFCCL Framework

The developed TFCCL framework is illustrated in Fig. 5.1, which is designed to train a
neural network-based classifier for time series outlier detection in the presence of noisy labels.
The TFCCL framework consists of three key components: the Transformer encoder, the
FCM clustering module, and the neural network-based classifier. As shown in Fig. 5.2, the
Transformer encoder architecture comprises multiple identical encoder layers, each consisting
of a multi-head attention mechanism and a convolutional module. Residual connections and
layer normalization are applied to both the attention layer and the convolutional module to
mitigate gradient vanishing. Furthermore, the neural network-based classifier and the decoder
are implemented as multi-layer perceptrons. To enhance clustering performance, UMAP is

employed for dimensionality reduction.
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Fig. 5.1 The developed TFCCL framework, which consists of three key components: the Transformer
encoder, the FCM clustering module, and the neural network-based classifier.
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5.2.2 Loss Function
Classification Loss

The proposed TFCCL framework is designed to train a classifier for time series classification
tasks. Although noisy labels may negatively impact supervised learning performance,
incorporating the classification loss during training remains essential. The cross-entropy is

used to compute the classification loss. The classification loss L¢y is defined as:
M

14 )
LcL = ~5 Z ; Vijlog(9i)), (5.1)

i=1 j

where B denotes the number of samples in the current mini-batch; M is the number of classes;
¥yi; represents the jth component of the label for the ith sample; and J;; is the jth component

of the predicted output for the ith sample.
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Fig. 5.2 The architecture of the Transformer encoder, which comprises multiple identical encoder
layers. Each layer consists of a multi-head attention mechanism and a convolutional module.
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Reconstruction Loss

The reconstruction loss is employed for pre-training the Transformer encoder. Specifically,
the mean squared error (MSE) is used to calculate the reconstruction loss Lrgc, which is

given by:
1 B
Lrec= % Zl llx; = %1% (5.2)

where B represents the number of samples in the current mini-batch; and x; and X; are the

true value and the predicted value of the ith sample, respectively.

Contrastive Loss

The contrastive loss is utilized to train the Transformer encoder. A novel fuzzy-clustering-

assisted contrastive loss Lrccr is designed, which is shown as follows:

B

1 ZIO sze'P(Zi) exp(sim(z;, Zj)/T)

LrceL = —5 : ,
B 2izeeB(z) SXP(sim(z;, 24) /)

(5.3)

where B is the number of samples in the current mini-batch; z; € R? denotes the feature repre-
sentation of the ith sample; P (z;) is the set of positive feature representations corresponding
to the ith sample; B(z;) is the set of all feature representations in the current mini-batch except
the feature representation of the ith sample; sim(-, -) is the cosine similarity function between
two samples; and 7 represents the temperature parameter, which is a positive constant and
controls the sharpness of the similarity scores.

The contrastive loss is formulated as a probability ratio that quantifies the likelihood of
the model selecting the correct positive pair over all other sample pairs within the batch.
The structure of the numerator and denominator reflects a probabilistic approach to pairwise
discrimination, which emphasizes the relative similarity between positive and negative pairs.
The exponential and logarithmic functions in (5.3) are combined in the contrastive loss
to formulate a normalized, probabilistic objective based on the softmax and cross-entropy

functions.

Remark 5.1. Traditional contrastive learning methods typically identify positive and negative

sample pairs for the ith sample using augmented data or ground-truth labels [129]. However,
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the large volume of data and the presence of noisy labels can interfere with the sample
pairing process. To reduce computational costs and mitigate the effects of label noise, the
FCCL strategy is introduced, where positive and negative sample pairs for the ith sample are
determined based on clustering results. Specifically, samples belonging to the same cluster as
the ith sample are considered positive, while those in different clusters are treated as negative.
The FCCL strategy enables the Transformer encoder to be trained in an unsupervised manner,
thereby avoiding the adverse impact of noisy labels and improving its ability to extract
meaningful feature representations.

In the proposed TFCCL framework, the UFCM algorithm is introduced to assign positive
and negative sample pairs based on the feature-space structure rather than relying directly
on the given ground-truth labels. The contrastive learning process can therefore be guided
by the intrinsic structure of the learned representations to mitigate the impact of the noisy
labels. The potential transferability of this strategy lies in the fact that it is not restricted to
the specific WAAM data used in this thesis. In principle, the same idea could be applied
to other LNL scenarios, where reliable labels are difficult to obtain but meaningful sample
relationships may still exist in the learned feature space. The strategy may also be combined
with other feature extractors, as long as the extracted representations provide a suitable basis
for clustering. Nevertheless, the performance of this strategy depends on the quality of the
learned representations and the reliability of the clustering results. If the feature space has
weak cluster structure, or if normal and outlier samples are highly overlapping, inaccurate

positive and negative pairs may be generated and may affect the contrastive learning process.

Joint Learning Strategy

In the developed framework, a label-consistency regularization term is introduced to quantify
the discrepancy between the output membership of the UFCM algorithm and the output
probability of the classifier. Specifically, the KL divergence is employed to compute the

label-consistency regularization term Ly cr, which is defined as:

(5.4)

N P(i)
Licr =Dkr(P || U) = E P(i) log( ),
=1

U()
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where M is the number of classes; P and U represent the distribution of the classifier’s output
probability and the distribution of the UFCM algorithm’s output membership, respectively;
and P(i) and U (i) represent the classifier’s output probability for the ith class and the UFCM

algorithm’s output membership for the ith class, respectively.

Remark 5.2. The output membership of the UFCM algorithm is independent of the noisy
labels in the training data, making it a valuable reference for mitigating the impact of label
noise on the classifier. It is important to note that KL divergence is asymmetric, meaning
that it quantifies the information loss incurred when one probability distribution is used to
approximate another, with the divergence value varying based on the direction of comparison.
Therefore, the KL divergence Dgi (P || U) is computed instead of Dk (U || P) as the
label-consistency regularization term, aiming to better align the classifier’s predictions with

the UFCM algorithm’s output membership.

Overall Loss Function

The overall loss function of the developed model consists of two parts: pre-training loss

Lprg and joint training loss L. The pre-training loss Lprg is given as follows:
Lpre = LREc. (5.5)
The joint training loss £ is given by:
L = Ler + p2Lrcer + u3Licr, (5.6)

where w1, s and u3 are three hyper-parameters to balance the weights among the classification

loss, contrastive loss and label-consistency regularization term.

5.2.3 Dynamic Two-stage Training Scheme
Pre-training of the Transformer Encoder in the First Stage

The feature representations extracted from the training data by the Transformer encoder

play a crucial role in the training process, as they are subsequently utilized by the classifier
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for classification and by the UFCM algorithm for contrastive learning and regularization.
Although the FCCL strategy is employed to train the Transformer encoder, its performance
is highly dependent on the quality of initialization. To ensure the effectiveness of FCCL
and further enhance the Transformer encoder’s feature extraction capabilities, a decoder is
employed to pre-train the encoder through input reconstruction. As illustrated in Fig. 5.1,
during pre-training, only the encoder and decoder parameters are trainable, while all other
parameters remain fixed. The reconstruction loss Lpgg is used as the loss function to guide
the encoder and decoder in learning stable and robust feature representations. Pre-training
allows the encoder to develop a deeper understanding of the underlying data structure, thereby

improving training quality and overall model performance.

Dynamic Updating of the UFCM Algorithm in the Second Stage

The UMAP is employed before applying the FCM algorithm to reduce the dimensionality of
the Transformer encoder output. UMAP is a non-linear dimensionality reduction method
that can preserve local neighborhood structures while also maintaining useful global data
structures. Compared with other dimensionality reduction techniques such as PCA and MDS,
UMAP is considered more suitable for the proposed UFCM module because it is generally
more scalable and is better able to preserve neighborhood relationships in high-dimensional
feature spaces. Furthermore, cosine similarity is used to measure the similarity between data
points and cluster centroids, facilitating effective clustering of feature representations.

It should be noted that the updating frequency of the UFCM algorithm during training is
a critical hyper-parameter. A low updating frequency may cause the algorithm to become
trapped in local optima, while a high updating frequency can lead to increased computational
costs and unstable clustering performance. To address this issue, a dynamic updating strategy
is introduced to adjust the UFCM algorithm’s update frequency throughout the training
process. Specifically, the update frequency is relatively high in the early training stages and
gradually decreases as training progresses. The exact epoch for performing the (k + 1)th

UFCM update, denoted by e{‘ﬁ;ch, is calculated by:

k*(k+1)
k+1 k
eURCM = ) * €yrCcM® (5.7)
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Training Procedure

The training procedure of the developed TFCCL framework is presented in Algorithm 4.

Algorithm 4 Training procedure of the developed TFCCL framework

Require: Noisy training data set D = {(x;, yi)}fi |» bre-training epochs Ep, training epochs

E, first UFCM update epoch eIIJFCM, batch size B, hyper-parameters p1, (o, U3
Ensure: Model parameters 6

1: Randomly initialize 6

Freeze all parameters in 6 except those of the encoder and decoder
fore=1to Ep do

Update 6 (encoder and decoder) on D
end for
Unfreeze all parameters in 6
Initialize UFCM using encoder outputs on D
k1
fore =1to E do

for all mini-batches {(x;, 5,)}2, ¢ D do

Compute the joint loss £ according to (5.6)
Update 6 by minimizing £

end for
14: if e = e{}FCM then
15: Update parameters of the UFCM algorithm
16: Update efi., - according to (5.7)
17: k—k+1
18: end if
19: end for

R N o

— = = =
w N = O

5.3 Experiment Results

5.3.1 Experimental Setup
Data Pre-processing

In the experiments, each data set is segmented using a sliding window approach, where the
window length is set to 10 and the stride to 5. Each segment is assigned a label (“Normal”
or “Outlier”), determined based on the labels of individual instances within the segment.
Specifically, a segment is labeled as “Normal” if all instances within it are labeled as “Normal”;

otherwise, it is classified as an “Outlier”. All labels are converted into a one-hot format for
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ease of classification. Each segmented data set is then split into training and testing sets in a
7 : 3 ratio. Min-max normalization is subsequently applied to both sets to scale the data to a

uniform range, further improving the performance of outlier detection.

Evaluation Metrics

To comprehensively assess the performance of the developed TFCCL framework in WAAM
outlier detection, essential evaluation metrics such as accuracy, precision, recall, and F1-score
are utilized. Each experiment is repeated five times, and the average values of these metrics

are reported to ensure the consistency and reliability of the results.

Baselines

Several novel and representative approaches are selected for comparison. In addition, a
vanilla outlier detection method is employed as a standard baseline for comparison. The

details of each selected approach are listed as follows:

* Co-teaching [71], where two deep neural networks (DNN5s) are trained simultaneously

and select low-loss samples to update each other.

* Co-teaching+ [221], where the disagreement-based updating strategy is combined

with the original Co-teaching framework.

* JoCoR [195], where a co-regularization term is employed to help select clean samples

for model training.

* Co-learning [174], where supervised learning and self-supervised learning are com-

bined to handle noisy labels.
» Standard Baseline, where a classifier with the Transformer backbone is trained directly
on the training data with the presence of noisy labels.
Implementation Details

For fair comparisons, all experiments are carried out on a server with an NVIDIA RTX A6000
GPU with 48 GB of memory and an Intel(R) Xeon(R) Silver 4214R CPU. All approaches are
implemented using Ubuntu 20.04.6, Pytorch 2.5.1, Python 3.9.21, and CUDA 12.3.
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It is worth mentioning that CNNs are employed as the original backbone networks in
selected LNL approaches. As such, in the experiments, both the CNN and the Transformer
architectures are employed as the backbone networks for selected approaches for comparisons
to fully investigate the competitive performance of the TFCCL framework.

To verify the effectiveness of the FCM algorithm in the TFCCL framework, a comparison
experiment is conducted. Specifically, the K-means algorithm and the hierarchical clustering
algorithm are chosen as baseline clustering algorithms to compare against the FCM used in the
TFCCL framework. Besides, the dynamic updating strategy of the proposed UFCM algorithm
is evaluated through comparative experiments. To be specific, linear and logarithmic strategies
are selected as baselines for comparison.

The Transformer encoder consists of 3 encoder layers. The CNN backbone consists of 5
convolutional layers and a fully connected layer, where each convolutional layer is followed
by batch normalization. The decoder and the classifier are a 4-layer MLP and a 3-layer MLP,
respectively. The hyper-parameters are selected via grid search on a held-out validation set.
Each hyper-parameter is explored from a range of values and the combination that achieves
the best validation performance is selected. To be specific, the temperature parameter 7 in
contrastive loss Lpccr is set to 0.08. The hyper-parameters u, u> and w3 in the training
loss £ are set as 0.3, 0.8 and 0.8, respectively. In the experiments, the Adam optimizer is
utilized for model training, where the learning rate is 0.0001. The pre-training and training
epochs are 15 and 50, respectively. During the training process, the epoch number for the
first UFCM update ebFCM is set to 3.

The noise ratio 4 is an important parameter in LNL, which indicates the ratio of the noisy
labels in a data set. It should be noted that the outlier detection task is formulated as a binary
classification problem with only two classes. As such, symmetrical label noise is employed
in the experiment, where the label of each data point is corrupted with an equal probability
defined by A. For a comprehensive evaluation, multiple experiments are conducted on each
data set with various values of 1 (e.g., 30%, 40%, 50%, and 60%). It should be noted that
in real-world industrial scenarios, the noise ratio usually remains below 50%. To verify the
outlier detection performance of the TFCCL framework under severe label noise, the WAAM

data sets with a noise ratio of 60% are utilized in the experiments.



5.3 Experiment Results 119

5.3.2 Evaluation of WAAM OQutlier Detection

The results of WAAM outlier detection on five data sets with noisy labels using selected
approaches and the TFCCL framework are illustrated in Tables 5.1-5.5. According to the
results, the TFCCL framework shows the leading performance on five data sets with five
different noise ratios. The selected approaches using the Transformer backbone demonstrate
better performance than those using the CNN backbone. A detailed evaluation of different

noise ratios is presented below.

Table 5.1 Outlier detection performance of selected approaches on WAAM data set 1 with different
noise ratios

Approaches Accuracy Precision Recall F1 Score
pproaches 30% 40% 50% 60% 30% 40% 50% 60% 30% 40% 50% 60% 30% 40% 50% 60%
Co-teaching (CNN) 99.03 96.21 7535 7176 9854 9335 4945 4924 9595 9374 7776 70.21 9722 9194 56.75 53.05

Co-teaching+ (CNN) 99.00 96.54 7879 7578 9828 9379 52.85 5358 9553 93.09 80.50 7506 9730 93.17 6049 57.60

JoCoR (CNN) 98.82 9854 8370 1444 99.12 98.01 5340 1459 9411 9366 7032 81.19 9653 9573 6035 2473

Co-learning (CNN) 98.36  96.78 80.0 7829 983 94.08 5424 56.47 9542 9334 8237 7720 9748 9402 67.16 6348

Co-teaching (Transformer) ~ 99.05  97.58 77.46 7628 98.87 9431 4647 6339 9568 9254 81.13 7274 9725 9305 5753 5592

Co-teaching+ (Transformer)  99.43 97.8 83.06 8255 99.05 9455 53.16 6042 9557 9297 8527 8050 9733 9335 66.82 64.63

JoCoR (Transformer) 97.96 97.67 80.54 6276 9937 9949 7204 8299 9503 9411 87.17 7082 97.15 96.73 7649 74.64

Co-learning (Transformer) ~ 99.33 9795 8624 83.14 9887 9445 5478 60.51 9575 93.08 86.83 82.67 9739 93.60 6833 6596

Standard (Transformer) 90.22 6673 4468 1037 86.64 6798 60.48 1872 91.02 8989 36.82 1236 92.84 7741 4577 14.89

TFCCL 99.10 9895 9388 9345 9930 99.49 9098 89.93 9928 9885 92.82 9299 99.29 99.17 91.67 91.16

Table 5.2 Outlier detection performance of selected approaches on WAAM data set 2 with different
noise ratios

Approaches Accuracy Precision Recall F1 Score
PP i 30% 40% 50% 60% 30% 40% 50% 60% 30% 40% 50% 60% 30% 40% 50% 60%
Co-teaching (CNN) 99.01  96.11 7351 71.68 9826 91.00 5419 5350 97.18 90.70 79.80 7892 97.71 9038 6020 59.27

Co-teaching+ (CNN) 99.16 9633  76.73  72.08 9839 9093 58.64 5534 97.13 9027 83.72 86.87 97.68 90.6  68.21  66.28

JoCoR (CNN) 9895 9894 8021 1589 9756 9742 5043 16.18 97.17 9727 9404 79.69 9736 9734 6541 2688

Co-learning (CNN) 98.94 96.12 7988 7451 9852 91.10 6134 5793 97.05 90.09 8547 8843 97.79 9084 70.12 68.14

Co-teaching (Transformer) ~ 99.17  96.92 7648 68.53 9834 9431 60.60 6136 9746 90.11 84.65 83.08 97.80 9205 65.02 6473

Co-teaching+ (Transformer)  99.02  97.15  81.60 71.86 9822 9471 6583 6250 9693 9036 89.22 8555 9720 9125 6750 69.20

JoCoR (Transformer) 98.42 9829 7542 7037 9932 9841 70.64 69.06 96.88 9726 8296 6085 98.08 97.83 7255 62.09

Co-learning (Transformer) ~ 99.20  97.52  86.68 7493 98.10 93.71 69.40 67.06 9753 90.76 9455 8738 97.60 9222 8038 77.21

Standard (Transformer) 88.27 6420 30.26 8.81 8325 80.83 42.07 11.45 96.17 50.64 51.87 8.37 90.86  62.27 46.46  9.67

TFCCL 98.84  98.66 91.19 89.02 9898 98.83 91.60 92.18 99.28 9885 92.82 9299 99.01 9838 8923 86.09
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Table 5.3 Outlier detection performance of selected approaches on WAAM data set 3 with different
noise ratios

Approaches /}ccuracy , Precision i ‘ Recall i F1 Score i
30% 40% 50% 60% 30% 40% 50% 60% 30% 40% 50% 60% 30% 40% 50% 60%
Co-teaching (CNN) 99.05 9627 76.62 7131 98.05 89.72 5444 4897 9694 9126 71.08 6739 9747 9036 56.16 51.64
Co-teaching+ (CNN) 98.90 96.57 8051 7821 98.17 8947 58.13 5341 96.84 9166 77.69 7588 97.50 90.55 6648  63.58
JoCoR (CNN) 99.14 9899 8132 15.16 9840 98.65 50.54 15.09 97.02 96.00 94.09 7791 97.70  97.30 6557 25.27
Co-learning (CNN) 98.78 96.87 8423 81.06 98.02 89.92 6244 5653 9696 9136 81.23 78.66 9743 90.63 70.65 65.75
Co-teaching (Transformer) ~ 99.13  96.56  85.88 8239 98.64 9151 61.73 5358 96.74 9031 7293 6238 97.67 9086 6555 57.55
Co-teaching+ (Transformer) 98.98 96.86 86.08 85.69 9854 9191 5723 56.68 96.12 90.01 77.53 65.88 96.84 90.78 67.03 59.58
JoCoR (Transformer) 9849 9825 7927 6332 9925 9890 70.19 7433 96.61 9573 8675 7855 9791 9729 7552 6641
Co-learning (Transformer)  98.83  96.56 87.28 8539 9836 92.16 71.73 59.88 96.82 8946 8233 7028 97.73 90.60 73.53 61.58
Standard (Transformer) 77.04 5859 3588 9.1 7247 6171 47.15 888 9398 8292 5058 546 84.04 7076 4880 6.76
TFCCL 9891 98.78 9371 9195 99.55 9823 9435 9224 98.65 9840 90.16 87.50 99.10 9831 91.53 89.45

Table 5.4 Outlier detection performance of selected approaches on WAAM data set 4 with different
noise ratios

Approaches Accuracy Precision ‘ ‘Recall F1 Score ‘
30% 40% 50% 60% 30% 40% 50% 60% 30% 40% 50% 60% 30% 40% 50% 60%
Co-teaching (CNN) 96.17  90.82 6197 60.01 8141 66.76 3572 31.74 98.07 8391 7561 7290 88.86 73.58 4460 39.87
Co-teaching+ (CNN) 9632 9052 67.02 6233 8129 67.16 3847 37.80 9792 8421 80.11 7593 88.89 7471 53.12 50.17
JoCoR (CNN) 98.27 96.82 73.63 12.18 91.18 83.70 3776 11.79 98.40 99.08 99.89 7472 94.64 90.66 5455 20.37
Co-learning (CNN) 9620 90.82 7097 65.01 81.17 6741 4322 3954 98.03 8391 8431 7840 8371 7501 5692 5327
Co-teaching (Transformer) ~ 96.54  90.77 6633  63.53 83.78 6571 37.89 30.87 96.68 8647 8396 7948 89.68 7435 4932 43.00
Co-teaching+ (Transformer) 9639  91.07 71.83  67.03 8396 6531 4209 33.87 9656 8697 8876 8198 89.82 74.60 57.10 47.94
JoCoR (Transformer) 9641 9655 71.65 6272 9642 94.09 61.44 5352 9491 9685 8422 96.12 95.64 9540 68.03 63.52
Co-learning (Transformer) 9620  91.37 77.03 71.13 8380 6491 4739 3757 9645 8737 9356 8538 89.65 7490 6270 52.14
Standard (Transformer) 7432 6158 1575  6.09 7192 6456 3152 15.11 7578 4160 2394 926  83.67 5875 2721 1148
TFCCL 99.03 9845 9548 9398 99.02 9857 93.14 89.62 99.51 98.00 94.15 9437 9926 9827 9347 9148

Table 5.5 Outlier detection performance of

selected approaches on WAAM data set 5 with different
noise ratios

Approaches Accuracy Precision Recall F1 Score
30% 40% 50% 60% 30% 40% 50% 60% 30% 40% 50% 60% 30% 40% 50% 60%
Co-teaching (CNN) 98.80 96.56 7393 6836 9691 89.33 4445 4442 9536 8994 69.53 69.04 96.10 89.15 4943 4722
Co-teaching+ (CNN) 9892 96.80 77.62 75.12 96.74 89.80 49.00 46.67 9551 8959 7463 7259 9570 89.66 5573 54.62
JoCoR (CNN) 99.04 9878 8240 1254 96.06 96.75 4745 1221 97.86 9537 9559 7720 9693 96.04 63.04 21.08
Co-learning (CNN) 96.17  90.87 71.09 65.11 8141 66.86 43.17 3929 97.74 8461 80.89 79.20 8890 7468 57.01 52.55
Co-teaching (Transformer) ~ 98.83 9721  79.10 7699 9876 92.46 4461 39.89 97.65 8997 69.90 70.27 9820 9094 52.18 51.10
Co-teaching+ (Transformer)  98.68  97.56  84.33  80.13 98.64 9291 50.28 4227 9781 89.72 7479 73.60 98.12 90.64 5634 53.25
JoCoR (Transformer) 98.14 97.85 78.64 6441 9939 9836 69.62 6499 9492 9572 8796 83.00 97.10 97.02 7297 65.66
Co-learning (Transformer) ~ 98.53  97.86  86.53  84.23 9852 9261 5503 4572 9726 90.12 7929 7780 97.63 9039 6648 62.19
Standard (Transformer) 7942 7321 4745 707 8460 8331 69.09 1423 8481 7520 3943 7.62 8471 79.05 5021 992
TFCCL 9895 9842 9520 9222 9942 98.06 90.10 87.58 99.01 99.62 96.51 89.53 9921 9883 93.07 8837
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30% and 40% Noisy Labels

It can be found that all selected approaches with different backbones as well as the TFCCL
framework all achieve satisfactory performance on five data sets. The standard approach
also shows acceptable performance under a 30% noise ratio. As indicated by the results, the
TFCCL framework outperforms the other approaches on most data sets in terms of accuracy,
precision, recall, and F1 score. Notably, on data set 2 with a 30% noise ratio, Co-teaching,
Co-teaching+ and Co-learning (with both backbones) all achieve higher accuracy than TFCCL.
data sets 1 and 2 with noise ratios of 30%, Co-learning-Transformer has higher accuracy than
TFCCL. On data sets 2, 3, and 5 with noise ratios of 30% and 40%, JoCoR-CNN has higher
accuracy than TFCCL as well. Nevertheless, TFCCL attains the highest performance on the
remaining metrics in these scenarios, which demonstrates the overall effectiveness of TFCCL

in outlier detection with a relatively small number of noisy labels.

50% Noisy Labels

In the scenario with a 50% noise ratio, the TFCCL remains superior in performance, whereas
the performance of all selected approaches decreases significantly on all five data sets.
Specifically, the accuracy and the F1 score of the selected approaches are no more than
88% and 78%, respectively. For TFCCL, the accuracy and the F1 score across five data sets
exceed 91% and 88%, respectively, which shows the robustness of TFCCL against a moderate

number of noisy labels.

60% Noisy Labels

In situations with the noise ratio of 60%, the baseline approach and JoCoR-CNN are affected
by severe label noise and are no longer capable of handling outlier detection tasks. The
performance of the other selected approaches is also not effective enough. It should be
noted that TFCCL still achieves satisfactory performance across five data sets, with each
data set’s accuracy above 89% and F1 score above 86%. The results indicate the competitive

performance of the TFCCL in outlier detection with a large number of noisy labels.
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5.3.3 Comparison Experiments

Two comparison experiments are conducted. Specifically, the first experiment aims to verify
the effectiveness of the selection of the FCM algorithm. The results are illustrated in Table 5.6.
According to the results, the FCM algorithm shows competitive performance across all
five data sets under different noise ratios compared with other hard clustering algorithms,
demonstrating its robustness and adaptability in the presence of label noise. The second
experiment aims to verify the effectiveness of the proposed dynamic updating strategy for the
UFCM algorithm. As shown in Table 5.7, the developed dynamic updating strategy achieves

the best results compared with other updating strategies.

Table 5.6 Comparison of different clustering algorithms within the TFCCL framework on WAAM
data sets under varying noise ratios

Data Set 1 Data Set 2 Data Set 3 Data Set 4 Data Set 5
30% 40% 50% 60% 30% 40% 50% 60% 30% 40% 50% 60% 30% 40% 50% 60% 30% 40% 50% 60%

Approaches Metrics (%)

Accuracy 98.12 96.22 89.02 84.23 97.84 95.68 86.43 80.48 97.97 96.09 88.13 82.47 98.07 95.28 89.52 83.08 97.91 95.42 89.03 8291
TFCCL-Kmeans Precision 98.29 96.42 85.08 80.11 97.72 95.01 85.59 78.52 98.28 95.01 88.31 80.88 97.81 95.11 86.48 78.59 98.12 94.48 83.28 74.01
Recall 98.34 96.09 86.12 77.68 97.81 94.01 79.02 70.01 96.68 94.32 82.52 74.48 98.42 94.02 86.12 79.79 97.62 96.58 87.92 71.01
F1 Score 98.30 96.26 85.59 78.84 97.76 94.48 82.12 73.83 97.48 94.62 85.31 77.41 98.11 94.53 86.29 79.26 97.84 95.52 85.48 72.31

Accuracy 95.58 90.97 82.33 75.47 94.83 90.28 80.24 72.36 95.13 90.26 81.16 73.84 95.18 89.62 80.76 72.28 94.68 89.78 80.08 71.96
TFCCL-Hierarchical Precision 9576 91.04 78.86 72.84 94.42 89.27 77.47 69.87 9533 89.32 80.07 71.94 94.57 88.84 77.94 68.57 94.64 87.83 75.08 65.96
Recall 9527 90.23 78.16 70.48 94.34 87.77 70.77 62.27 94.02 87.93 74.16 65.47 95.04 86.28 75.36 66.07 93.78 88.03 79.06 63.44
F1 Score 95.51 90.58 78.48 71.57 94.37 88.53 73.97 65.58 94.61 88.55 76.97 68.63 94.76 87.57 76.58 67.18 94.18 87.46 76.87 64.52

Accuracy 99.10 98.95 93.88 93.45 98.84 98.66 91.19 89.02 98.91 98.78 93.71 91.95 99.03 98.45 95.48 93.98 98.95 98.42 95.20 92.22
TFCCL-FCM Precision 99.30 99.49 90.98 89.93 98.98 98.83 91.60 92.18 99.55 98.23 94.35 92.24 99.02 98.57 93.14 89.62 99.42 98.06 90.10 87.58
Recall 99.28 98.85 92.82 92.99 99.04 97.94 87.65 82.10 98.65 98.40 90.16 87.50 99.51 98.00 94.15 94.37 99.01 99.62 96.51 89.53
F1 Score 99.29 99.17 91.67 91.16 99.01 98.38 89.23 86.09 99.10 98.31 91.53 89.45 99.26 98.27 93.47 91.48 99.21 98.83 93.07 88.37

Table 5.7 Comparison of different UFCM updating strategies within the TFCCL framework on
WAAM data sets under varying noise ratios

Data Set 1 Data Set 2 Data Set 3 Data Set 4 Data Set 5

Approaches Metries (%) —350—20% 30% 60% 30% 40% 0% 60% 30% 40% S50% 60% 30% 40% S0% 60% 30% 40% 50% 60%

Accuracy 98.26 94.87 88.65 73.00 95.70 91.78 85.43 76.62 95.57 89.94 85.27 84.36 92.80 90.37 83.99 77.69 95.80 92.76 86.34 80.14
TFCCL Precision 97.78 92.50 90.02 71.98 98.23 91.67 82.73 78.79 94.07 93.50 84.98 88.31 92.71 94.08 89.13 90.84 99.34 98.81 77.78 87.80
(Linear) Recall 99.54 97.76 89.18 97.62 92.63 94.53 96.52 84.42 98.90 89.57 93.82 85.09 96.66 91.10 86.47 75.60 93.79 90.32 96.23 86.91
F1 Score 98.67 96.10 89.97 83.27 96.17 93.07 89.58 82.02 96.44 91.50 88.81 86.40 94.66 92.57 88.22 87.25 96.77 94.36 88.09 87.64

Accuracy 96.93 92.56 86.20 70.64 94.47 89.13 83.14 74.54 94.06 87.58 81.70 82.28 90.94 88.17 81.00 75.41 94.15 90.48 78.07 77.53
TFCCL Precision 96.65 90.00 87.83 70.42 96.78 88.81 80.03 76.95 92.54 91.31 82.13 86.46 91.40 91.72 86.79 88.57 97.55 96.57 7533 85.58
(Logarithmic) Recall 98.03 95.67 86.28 95.30 90.78 92.13 93.64 82.83 97.55 87.41 91.35 83.37 95.62 88.37 84.15 73.93 92.57 87.93 94.20 85.29
F1 Score 97.10 93.21 87.81 81.36 94.92 90.50 86.69 80.03 94.82 89.16 86.19 84.83 93.50 89.77 85.82 85.32 94.95 91.70 86.62 85.53

Accuracy 99.10 98.95 93.88 93.45 98.84 98.66 91.19 89.02 98.91 98.78 93.71 91.95 99.03 98.45 95.48 93.98 98.95 98.42 9520 92.22
TFCCL Precision 99.30 99.49 90.98 89.93 98.98 98.83 91.60 92.18 99.55 98.23 94.35 92.24 99.02 98.57 93.14 89.62 99.42 98.06 90.10 87.58
(Dynamic) Recall 99.28 98.85 92.82 92.99 99.04 97.94 87.65 82.10 98.65 98.40 90.16 87.50 99.51 98.00 94.15 94.37 99.01 99.62 96.51 89.53
F1 Score 99.29 99.17 91.67 91.16 99.01 98.38 89.23 86.09 99.10 98.31 91.53 89.45 99.26 98.27 93.47 91.48 99.21 98.83 93.07 88.37
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5.3.4 Ablation Study

In the experiments, a detailed ablation study is carried out to verify the effectiveness of the
main components in TFCCL under various noise ratios. To be specific, the effects of the
pre-training, the FCCL strategy, the UMAP and the dynamic UFCM updating strategy in
TFCCL are verified. The results of the ablation study are illustrated in Table 5.8. Based on
the results, detailed analyses are given: 1) The pre-training helps the Transformer encoder
exploit the internal structure and capture useful feature representations. When trained directly
for classification without pre-training, the average performance of the TFCCL framework
declines with increasing noise ratios. 2) The FCCL strategy significantly improves the
performance of outlier detection with noisy labels by utilizing the intrinsic features of data.
Employing the UMAP is able to enhance the performance of the FCCL strategy when dealing
with severe label noise. 3) The dynamic UFCM updating strategy effectively stabilizes the
training process and the final performance. 4) Each of the main components plays a critical
role in the TFCCL framework. The best performance of TFCCL can be achieved only if all

components work together.

Table 5.8 Results of ablation study on WAAM data sets with different noise ratios

Data Set 1 Data Set 2 Data Set 3 Data Set 4 Data Set 5

Metries (%) —50—20% 50% 60% 30% 40% 30% 60% 30% 40% 500 60% 30% 40% 50% 60% 30% 40% 500 60%

Accuracy 95.17 93.96 80.26 71.22 95.75 94.02 77.57 63.44 96.75 94.52 86.50 76.94 95.48 94.93 86.85 80.80 95.70 93.98 88.49 82.74
w/o Pre-training Precision 99.84 96.42 82.23 70.66 95.77 92.07 75.03 61.49 94.95 91.71 90.85 7534 93.65 92.85 89.35 83.48 95.84 92.63 92.85 96.35
Recall 92.38 93.97 87.85 93.43 97.00 98.19 92.24 99.85 99.94 99.97 86.35 91.92 99.90 99.87 90.85 88.29 97.85 98.91 89.77 74.31
F1 Score 96.04 95.18 84.95 80.46 96.38 95.03 82.75 76.11 97.38 95.66 88.54 82.81 96.67 96.29 90.09 85.81 96.83 95.67 91.29 85.26

Accuracy 9274 92.18 46.50 11.99 94.97 94.01 72.39 27.62 9529 93.06 66.07 34.54 88.13 85.02 52.50 46.65 94.00 93.16 41.72 20.68
w/o FCCL Precision 95.46 97.20 55.76 24.68 93.48 93.43 61.42 34.59 97.34 96.21 80.14 41.76 84.71 81.45 65.41 39.04 94.29 95.44 51.29 38.66
Recall 91.95 90.27 50.66 18.91 98.22 96.53 59.10 27.03 94.79 92.15 56.25 21.11 98.04 93.54 61.84 18.90 96.94 94.33 56.15 30.78
F1 Score 93.68 93.60 52.98 21.41 95.79 94.95 64.10 30.34 96.05 94.13 65.42 28.04 91.72 89.78 63.53 31.79 95.59 94.88 52.80 34.27

Accuracy 98.85 95.61 64.85 57.82 96.79 93.59 69.91 56.75 96.29 88.66 76.97 64.64 93.47 90.97 67.91 65.31 96.36 93.40 65.49 59.80
w/o UMAP Precision 99.04 93.90 66.89 69.83 96.53 94.21 70.33 62.12 97.60 92.88 76.06 65.28 90.97 98.63 70.38 59.61 95.94 9595 71.53 71.87
Recall 97.80 99.54 88.26 58.97 98.02 94.84 83.76 66.27 96.23 84.19 84.01 88.63 96.45 87.49 88.42 69.73 98.76 94.15 80.81 66.01
F1 Score 98.41 96.64 76.08 63.94 97.27 94.52 76.46 64.13 96.91 91.42 82.54 75.18 9527 92.73 78.38 64.79 97.33 95.04 75.89 68.81

Accuracy 98.28 94.83 84.76 70.83 95.70 91.75 84.32 7520 95.58 89.90 82.62 81.92 92.81 90.34 82.13 76.29 95.78 92.72 79.05 78.57
w/o Dynamic UFCM Precision 97.79 92.48 88.03 69.64 98.22 91.63 81.46 76.59 94.08 93.48 83.68 86.47 92.71 94.05 87.39 88.82 99.95 98.78 76.23 83.53
Updating Strategy Recall 99.54 99.97 87.93 95.76 92.62 94.49 94.66 82.80 98.90 89.53 92.19 83.08 96.66 91.08 85.11 73.51 93.77 90.28 94.31 84.84
F1 Score 98.66 96.08 87.98 80.64 96.17 93.04 87.57 79.57 96.43 91.46 87.28 84.74 94.65 92.54 86.23 84.73 96.76 94.34 86.51 84.18

Accuracy 99.10 98.95 93.88 93.45 98.84 98.66 91.19 89.02 98.91 98.78 93.71 91.95 99.03 98.45 95.48 93.98 98.95 98.42 9520 92.22
TFCCL Precision 99.30 99.49 90.98 89.93 98.98 98.83 91.60 92.18 99.55 98.23 94.35 92.24 99.02 98.57 93.14 89.62 99.42 98.06 90.10 87.58
Recall 99.28 98.85 92.82 92.99 99.04 97.94 87.65 82.10 98.65 98.40 90.16 87.50 99.51 98.00 94.15 94.37 99.01 99.62 96.51 89.53
F1 Score 99.29 99.17 91.67 91.16 99.01 98.38 89.23 86.09 99.10 98.31 91.53 89.45 99.26 98.27 93.47 91.48 99.21 98.83 93.07 88.37
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5.4 Conclusion

In this chapter, a new TFCCL framework has been developed for LNL in outlier detection on
limited WAAM data. Specifically, a novel FCCL strategy has been introduced to update the
Transformer encoder, where a UFCM algorithm has been proposed for identifying positive
and negative sample pairs. A dynamic two-stage training scheme has been designed to
train the outlier detector, incorporating a joint learning strategy to enhance its robustness
against noisy labels. Moreover, a dynamic updating strategy has been employed to update
the UFCM algorithm throughout the training process. To further improve model reliability,
a label-consistency regularization term has been introduced to minimize the discrepancy
between the outputs of the outlier detector and the UFCM algorithm. Experimental results
have demonstrated the effectiveness of the developed TFCCL framework. Future research
directions can be summarized as follows: 1) utilizing optimization techniques for automatic
hyper-parameter selection; 2) extending the developed TFCCL framework to multi-class
outlier detection tasks; 3) modifying the Transformer encoder architecture to enhance feature
extraction performance; and 4) refining the FCCL strategy by adjusting the contrastive loss

and improving the clustering algorithm.



Chapter 6

Outlier Detection under Sufficient Noisy
Labeled Data: A Transfer Learning
Assisted Role-Differentiated Approach

6.1 Motivation

In many real-world applications, due to the unexpected errors in automated labeling tools
and improper operation by human annotators, the obtained training data may contain noisy
labels, which would corrupt the training process and mislead the mapping between the feature
space and the target space, thereby affecting the performance and reliability of the trained
DL model. Serving as a prominent class of LNL approaches, sample selection focuses on
identifying clean samples for model training by using specific metrics (e.g., the training loss
and similarity metrics). Compared with other classes of LNL approaches such as robust
training and label correction, sample selection is capable of decreasing the negative influences
from noisy samples and avoiding the misleading effects arising from label correction errors.
A major advantage of sample selection is its simplicity and ease of implementation, which
leads to the widespread adoption of sample selection in various applications for handling
label noise in recent years [26, 195].

Sample selection may suffer from incorrect selection, where clean samples are misclas-

sified as noisy samples, especially when applied to large or complex data sets with label
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noise. During the model training process, noisy samples would cause error accumulation and
introduce model biases, which result in degraded model performance. Recently, a number
of sample selection variants have been proposed to improve the selection performance by
introducing advanced training strategies or developing new network architectures [71, 101].
For instance, in [71], a well-known LNL approach named Co-teaching has been proposed,
where the Siamese network structure is employed. Particularly, the potential clean samples
identified by each network are utilized to update its peer network. The Siamese network
structure has been widely adopted in sample selection by leveraging the unique learning
capability of each network, offering complementary views on samples and improving selection
accuracy. Unlike single-network methods, the Siamese-network-based sample selection
(SNSS) approach leverages model diversity to reduce confirmation bias and improve robust-
ness against label noise. Apart from the Co-teaching approach, various SNSS approaches,
including Co-teaching+ [221], JoCoR [195], and DivideMix [101] have also achieved notable
success in tackling the noisy label problem.

To reduce the computational cost, many SNSS methods employ identical and simple
subnetworks, which would unfortunately constrain the model’s learning and representation
capabilities, especially when handling complex data sets. Moreover, identical architectures
sometimes fail to provide diverse multi-view representations of data patterns, thereby limiting
the network complementarity and impairing the model’s ability to discriminate clean and
noisy samples. Inspired by coordination strategies in multi-agent systems, the leader-follower
framework proposed in [39] is a seemingly promising solution to break symmetry among
subnetworks and promote diverse yet coordinated model learning behaviors. In the leader-
follower framework, role differentiation among subnetworks is achieved, where the leader
network incorporates additional domain-specific knowledge (which is imparted to the follower
networks to guide their training), thereby improving the overall capacity to identify and select
clean samples.

The clean sample selection ratio (CSSR) plays a significant role in sample selection, which
brings a trade-off between the inclusion of clean samples and the exclusion of noisy samples.
Many existing sample selection approaches use a constant CSSR based on experimental
experience, which demands domain knowledge and cannot guarantee consistent performance

on various data sets with multi-modal inputs or partially labeled data. In Co-teaching, a
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dynamic selection strategy has been designed, where the CSSR decreases according to the
stage of training to gradually exclude noisy data and retain clean samples. Unfortunately, the
dynamic selection strategy in Co-teaching overlooks the variability in the training process
across different data sets, potentially leading to premature exclusion of valuable samples or
delayed removal of noisy ones. To enhance selection efficiency and fully utilize potentially
clean samples, a reasonable idea is to adaptively adjust the CSSR based on both the training
state information and the loss characteristics.

Motivated by the above discussions, in this chapter, a role-differentiated LNL (RD-LNL)
approach is put forward for WAAM outlier detection under label noise. A leader-follower-
inspired sample selection (LFSS) strategy is proposed for identifying potential clean samples.
Then, the chosen clean samples are fed into DNNs for outlier detection. In particular, three
DNNss are trained collaboratively. Here, a leader network is pre-trained on clean auxiliary
data and guides the joint training of two follower networks by fully leveraging its domain
knowledge. A selection metric is introduced that integrates both the training dynamics and
the prediction divergence across the DNNs. According to the selection metric, an adaptive
selection scheme is proposed to adaptively adjust the CSSR during the training process.

The main contributions lie in the following threefold:

1. An LFSS strategy is proposed for training the outlier detection model with selected
potential clean samples, where a leader network and two follower networks are trained

jointly for sample selection by leveraging the domain knowledge of the leader network.

2. An adaptive selection scheme is introduced to adjust the CSSR adaptively through
the model training process, which makes use of the loss characteristics of the training

samples.

3. The developed RD-LNL approach is successfully applied to a real-world industrial
outlier detection application using data collected from a WAAM pilot line. Experimental
results verify the practical utility of the developed RD-LNL approach for handling data

with label noise.

The remaining sections of this chapter are organized as follows. In Section 6.2, the

developed RD-LNL approach is introduced. Experimental results for WAAM outlier detection
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under label noise are presented in Section 6.3. Finally, conclusions are presented in Section

6.4.

6.2 Methodology

Many SNSS approaches use identical network architectures with random initialization to
encourage diverse learning behaviors and reduce confirmation bias [71, 195]. During the
model training, samples are selected based on the prediction consensus of the networks.
Nevertheless, identical architectures with random initialization may still lack sufficient
representational diversity, thereby decreasing the selection quality. As a role-differentiated
framework, the leader-follower framework is capable of integrating domain-specific knowledge
and model diversity to support effective sample selection [39]. Besides, the variation between
the leader and follower networks brings multiple perspectives of the learning process, which
helps reduce confirmation bias and improve the reliability of selected samples.

As a critical factor, the CSSR directly determines how many samples are used for model
training at each training epoch, and thus governs the balance between preserving clean
samples and excluding noisy samples. It is worth mentioning that most existing approaches
adopt the fixed selection ratio or the dynamic selection ratio based on training epochs. Such
selection ratios may overlook the fact that training dynamics vary significantly across data
sets, and thus decrease the generalization ability of the approaches. To address the above
mentioned limitation, a seemingly reasonable solution is to consider both the training epochs
and the sample loss characteristics to adaptively select clean samples during training.

In this chapter, an RD-LNL approach is developed for industrial outlier detection with
noisy labels. An LFSS strategy is introduced to select clean samples to train the outlier
detector. To be specific, a pre-trained network is employed as the leader network and is
utilized to guide the joint training process with two follower networks. A selection metric is
designed for sample selection by integrating both training behavior and prediction divergence
across the networks. Based on the selection metric, an adaptive selection scheme is put
forward to improve the quality of selected samples by adaptively adjusting the CSSR during

the training process.
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6.2.1 Overview of the RD-LNL Approach

The developed RD-LNL approach is shown in Fig. 6.1. The RD-LNL approach consists
of three networks: Network 3 serves as the leader, while Network 1 and Network 2 act as
followers.

The Transformer is utilized as the backbone of the leader network in order to capture
long-range dependencies within the time series and improve the generalization capability.
The Transformer is composed of several identical encoder layers, where each layer includes a
multi-head attention mechanism and a lightweight 1D convolutional module to enhance local
temporal feature extraction.

The CNN serves as the backbone of the follower networks, enabling efficient training and
effective extraction of local features. Each CNN consists of multiple standard convolutional
modules, each containing a convolutional layer followed by batch normalization. Residual
connections are employed in both the encoder layers and the convolutional modules to
facilitate gradient flow and stabilize training. Three identical multi-layer perceptrons are

employed as the classifiers, each attached to the output of one network.
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Fig. 6.1 The proposed RD-LNL approach

6.2.2 Loss Function
Classification Loss

The cross-entropy loss is applied to compute the classification losses for Network 1, Network

2, and Network 3 (i.e., L1, L%, and L3C, respectively), which are defined as follows:

N M
1
1 a1
Lc= - I E E Vij 10g(yl-j), (6.1)

i=1 j=1
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where N indicates the sample size of current mini-batch; M denotes the total number of
classes; y;; is the jth element of the label vector corresponding to the ith sample; and § llj j)l.zj,
and fz?j are the jth element of the predicted output for the ith sample of Network 1, Network

2, and Network 3, respectively.

Prediction Divergence

To mitigate the confirmation bias of each network and enhance collaborative sample selection
performance, the prediction divergences between all pairs of networks are calculated, where
the KL divergence and Jensen—Shannon (JS) divergence are employed. Specifically, the KL
divergence is utilized to measure the output discrepancies between the leader network and
each of the two follower networks (i.e., LID3 and L2D3), and the JS divergence is applied to
calculate the output discrepancy between two follower networks (i.e., L })2). The prediction

divergences between all pairs of networks are calculated by:

LY== Dxu(P | P) = — Py log (—3’) = ©4)
N i=1 N i=1 j=1 Pij
1 N 1 N M P2
1
i=1 =l j=1 ij
1 N
Ly = ) Dis(P PD)
i=1
N N
=5 | 2 PPl Q)+ ) D (P | Q»] , (6.6)
i=1 i=1

where Q; = %(Pl.1 + Pl.z) is the average distribution of the two follower networks for the ith
sample; LE and L%f denote the prediction discrepancy between Network 1 and Network 3,
and between Network 2 and Network 3, respectively; Lg represents the prediction discrepancy

between Network 1 and Network 2; Pl.1 , Pl.2 and Pl.3 are the distribution of the output probability
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of the ith sample from Network 1, Network 2, and Network 3, respectively; and Pl.lj, Pl.zj and
P?j are the output probability for the ith sample with the jth class of Network 1, Network 2,

and Network 3, respectively.

Remark 6.1. Network 3, denoted as the leader network, is obtained via pre-training and
fine-tuning. Compared with the follower networks that are trained directly on the noisy labeled
data set, the leader network has better feature representation and discriminative capabilities.
It is worth mentioning that KL divergence measures the information loss introduced when
approximating one probability distribution with another, making the direction of comparison
a critical factor due to its asymmetric nature. To guide the follower networks toward the
prediction behavior of the leader network, the prediction divergences Lg and L2D3 are
calculated according to (6.4) and (6.5). Furthermore, the JS divergence is applied in
calculating L})z based on (6.6) due to its symmetric and bounded nature to ensure balanced

comparison of the output prediction between the two follower networks.

Overall Loss Function

The overall loss functions of the three networks (i.e., L, Ly, and L3) are given by:

Li=alL:+BiLy +yiL, (6.7)
Ly, = CZQL% + ﬁ2L2D3 + ’}/ZLIDZ, (68)
Ly=1L}, (6.9)

where a1, a2, B1, B2, Y1, and vy, are hyper-parameters for balancing the contributions of the

classification loss and the prediction divergences.

6.2.3 Training Scheme

Fig. 6.2 demonstrates the training scheme of the RD-LNL approach.

Pre-training of Leader Network

In the proposed RD-LNL approach, the feature extraction and representation abilities of

the leader network are significantly important. Thanks to its generalization and knowledge
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Fig. 6.2 The training process of the RD-LNL approach

transfer capability, transfer learning becomes an effective solution to obtain the leader network
using a clean auxiliary data set. The leader network is pre-trained on the clean source domain

to learn transferable representations for the downstream noisy task.

Joint Training on Noisy Labeled Data

After obtaining the leader network, the follower networks are trained jointly with the leader
network. The joint training process consists of two main stages, namely warm-up and sample
selection. Specifically, the leader network is initialized using the weights obtained through
pre-training, and the follower networks are initialized randomly. In the warm-up stage, the
leader network and the follower networks are trained on the noisy data for several epochs to
ensure a stable initialization and learn initial representations. During warm-up, the leader
network is fine-tuned to adapt its pre-trained knowledge to the noisy target domain. In the
sample selection stage, the clean samples are selected using the adaptive selection scheme in

each epoch and are then used to update three networks.

The Adaptive Selection scheme

In RD-LNL, the “small-loss criterion” is utilized for sample selection. To be specific, a
selection metric is introduced for selecting potential clean samples based on three networks,
where the loss values of each sample from three networks during the training are leveraged
for distinguishing clean samples from noisy ones. The selection metric of each sample Lg (i)
can be calculated by:

Lg(i) = u1 L1 (i) + po Lo (i) + u3L3(i), (6.10)
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where Li(i), L,(i), and L3(i) are per-sample losses of three networks; and u;, u», and u3
are three hyper-parameters for balancing the contributions of each term.

The CSSR R(e) is adjusted adaptively during the training process based on the training
epoch and selection metric, which is calculated by:

R(e):max{(l—%f)-ﬁ, l—f}, 6.11)

00

where e and E are the current and total training epochs, respectively; o, and o denote the
standard deviation of values of selection metric across all samples in the mini-batch at the eth
epoch and the initial training epoch, respectively; and 7 is the estimated noise ratio derived

from the validation set.

Training Procedure

The training process of the RD-LNL approach is detailed in Algorithm 5. After the training

process, the leader network is then utilized for outlier detection tasks.

6.3 WAAM OQOutlier Detection

6.3.1 Data Pre-Processing

A sliding window method is applied to segment each data set, with a window size of 10 and a
stride of 5. The label for each segment is determined based on the labels of its constituent
instances: a segment is considered ‘“Normal” only if all included instances are labeled as
such; otherwise, it is marked as an “Outlier”. For classification purposes, all labels are
converted into one-hot encoded vectors. Each processed data set is subsequently divided into
training and testing subsets in a 70 : 30 ratio. To ensure scale consistency and enhance model

performance, min-max normalization is applied to both the training sets and the testing sets.
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Algorithm 5 Training procedure of the RD-LNL approach

Require: Noisy training data set O, clean auxiliary data set D, pre-training epochs Ep,
warm-up epochs Ey, training epochs E, batch size B, hyper-parameters pup, (, 43
Ensure: Model parameters of three networks 61, 6, 63
1: Randomly initialize 6,
2: fore =1to Ep do
3 for all mini-batches 8 c D with |B| = B do
4 Compute L3 according to (6.9)
5 Update 6; by minimizing L3
6: end for
7: end for
8: Retain 0 and randomly initialize 6, and 63
9: fore =1to Ew do
10: for all mini-batches 8 c D with |8| = B do

11: Compute L1, Ly, L3 according to (6.7), (6.8) and (6.9)
12: Update 61, 6,, 63

13: end for

14: end for

15: Retain 81, 0> and 05
16: fore = 1to E do
17: for all mini-batches 8 ¢ D with |8| = B do

18: Compute selection metric Lg(i) according to (6.10)

19: Compute selection ratio R(e) according to (6.11)

20: Obtain selected clean subset B¢ from B using Ls(i) and R(e)
21: Compute L1, Ly, L3 on Be according to (6.7), (6.8) and (6.9)
22: Update 61, 6,, 03

23: end for

24: end for

6.3.2 Implementation Details
Model Configurations

The Transformer encoder of the leader network consists of 3 encoder layers. The CNNs of the
two leader networks both consist of 5 convolutional modules. The classifier of each network
is a 3-layer multi-layer perceptron. To ensure fair and robust evaluation, all hyper-parameters
are selected through grid search on a separate validation set. The hyper-parameters are
tuned within predefined ranges based on the best validation performance, and the same
selection procedure is applied consistently across all selected approaches. To be specific, the

hyper-parameters a1, a2, 81, 52, Y1 and 7y in the loss functions are set as 0.35, 0.35, 0.7,
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0.7, 0.25, and 0.25, respectively. The hyper-parameters w1, 1 and pu in the selection metric
are set to be 0.6, 0.2 and 0.2, respectively. The Adam optimizer is adopted and the learning
rate is configured as 0.0001. The epoch numbers of the pre-training process, the warm-up

process and the training process are 30, 10, and 50, respectively.

Experimental Settings

All experiments are performed under a consistent environment: Ubuntu 20.04.6, PyTorch
2.5.1, Python 3.9.21, and CUDA 12.3, using hardware with an NVIDIA RTX A6000 GPU (48
GB) and an Intel Xeon Silver 4214R processor to ensure fair comparisons. Each experiment
is repeated five times, and the mean values of all evaluation metrics are presented to minimize
the effect of random variation.

To verify the performance of the developed RD-LNL approach, two standard DL-based
outlier detection approaches and two representative LNL approaches (e.g., Co-teaching and
JoCoR) are selected for comparison. Specifically, in two standard DL-based outlier detection
approaches, the CNN and the Transformer are employed as the backbone and connected with
two identical classifiers, respectively.

Four evaluation metrics (e.g., accuracy, precision, recall, and F1-score) are applied to
evaluate the effectiveness of the proposed RD-LNL approach for outlier detection under
label noise. In the experiments, a clean auxiliary data set is selected for pre-training the
leader network, and the other four data sets are used as the noisy training data. Extensive
experiments are conducted under various noise ratios denoted by ¢ to evaluate the outlier
detection performance under different levels of label noise. Each data set is evaluated under

noise ratios ¢ of 30%, 40%, and 50%.

6.3.3 Results and Discussion

The outlier detection results of the selected approaches on four WAAM data sets with various
noise ratios are summarized in Table 6.1. As shown by the results, the RD-LNL approach
shows competitive performance across four tasks under various noise ratios. Detailed analysis

of the results is provided below based on the noise ratio.



6.3 WAAM Outlier Detection 136

Table 6.1 Outlier detection results on noisy WAAM data sets with different noise ratios

Task 1 Task 2 Task 3 Task 4

Approaches  Metrics (%) —aa— 60500 30% 40% 50% 30% 40% 50% 30% 40%  50%

Accuracy  96.77 89.01 7476 9522 88.43 72.11 95.12 88.82 7357 93.80 88.65 73.52

Co-teaching  Precision  96.10 90.82 50.33 94.26 82.04 52.19 9586 8233 53.81 8854 7893 4890
Recall 92.05 90.37 77.62 93.64 88.59 7636 93.06 8897 6931 9422 7990 70.55

F1 Score  94.28 90.38 6228 93.05 86.87 58.15 94.11 87.76 60.31 90.45 70.47 49.73

Accuracy  97.13 9398 79.00 96.09 9390 7550 95.63 93.12 7720 94.63 92.01 69.58

JoCoR Precision  97.29 93.50 48.55 96.00 93.01 46.01 96.74 91.49 4575 8991 79.16 34.01
Recall 9230 89.18 6641 95.12 9343 79.85 9553 92.61 90.08 96.42 94.55 9553

F1 Score  94.57 9139 56.16 95.68 92.65 60.59 96.01 9241 61.09 93.12 87.12 50.16

Accuracy 87.24 6190 39.23 8546 5892 2507 73.72 53.34 30.64 71.14 5698 10.63
Standard Precision  83.29 62.79 5553 8048 75.82 3690 69.53 56.28 4227 69.24 59.14 26.49
(CNN) Recall 88.09 8534 31.71 93.12 4549 46.81 90.79 78.26 4596 72.62 36.87 1894
F1 Score  90.02 7235 4037 8745 56.84 4121 81.71 6641 43.72 80.64 53.67 22.24

Accuracy 89.16 63.36 41.65 87.66 6096 27.19 75.71 55.34 3224 7239 5835 1274

Standard Precision  85.76 64.44 5693 82.15 77.83 3844 70.44 5856 4371 70.00 61.52 28.25
(Transformer) Recall 89.40 86.11 34.05 9470 47.73 47.69 9170 79.54 47.33 7341 3894 2094
F1 Score  92.09 7433 42777 89.92 5852 4255 8227 67.56 4538 81.79 55.74 24.39

Accuracy 9698 9420 8552 9540 94.07 81.80 95.85 92.85 8249 95.16 93.85 78.90

RD-LNL Precision  96.17 93.85 86.96 96.95 94.04 86.80 96.82 92.95 88.60 96.70 93.15 87.96
(Ours) Recall 97.02 93.02 87.64 9525 92.11 81.71 95.66 9433 8585 96.66 9227 88.37
Fl Score 9637 95.09 86.40 96.28 9423 8422 96.14 9270 86.55 9629 93.22 87.78

In the experiments under a noise ratio of 30%, the selected LNL approaches as well as
two standard approaches all exhibit satisfactory performance on four data sets. It should
be noticed that Tasks 1 and 2, the JoCoR reaches higher accuracy than the RD-LNL. On
the other two tasks, the RD-LNL approach outperforms the selected approaches in terms of
detection accuracy and F1 score. At a noise level of 40%, both standard methods exhibit
noticeable performance drops. According to the results, the selected LNL approaches still
show reliable performance. On task 3, the accuracy of the JoCoR is higher than RD-LNL.
Nevertheless, the RD-LNL approach maintains superior performance across the remaining
tasks, which confirms its effectiveness in detecting outliers under noisy labels.

In the scenario with a 50% noise ratio, the RD-LNL approach also demonstrates strong
performance, while all selected approaches suffer significant degradation across the four data
sets. In particular, the accuracy and F1 scores of the selected approaches do not exceed 80%
and 63%, respectively. In contrast, RD-LNL achieves results on all data sets, highlighting its

robustness in the presence of moderate label noise.
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6.4 Conclusion

In this chapter, a novel RD-LNL approach has been developed for outlier detection on
sufficient industrial data under noisy labels. An LFSS strategy has been proposed to train the
outlier detector, where a leader network and two follower networks are trained jointly for
sample selection by leveraging the domain knowledge of the leader network. A selection
metric has been designed for identifying clean samples. In addition, an adaptive selection
scheme has been put forward based on the characteristics of the selection metric for adjusting
the CSSR. Experimental results for outlier detection on real-world data sets have demonstrated
satisfactory performance of the developed approach. Future work can be summarized into the
following four aspects: 1) designing label correction strategies to improve the utilization of
unselected samples; 2) applying the optimization techniques for hyper-parameter selection; 3)
deploying the proposed approach to other tasks under label noise; and 4) developing advanced

transfer learning framework to make use of the domain knowledge.



Chapter 7

Conclusions and Future Research

In this chapter, we first provide a comprehensive summarization of our work in this thesis,
and the contributions of each chapter are also presented in Section 7.1. Then, we point out

some future research directions that follow from this thesis in Section 7.2.

7.1 Summarization

In many real-world scenarios, data imperfections are unavoidable due to various factors such
as hardware constraints, human errors, and uncontrollable external conditions, which pose
significant challenges to outlier detection and ensuring reliable data-driven decision making.
In this context, we aim to put forward novel frameworks for outlier detection on WAAM
data with different imperfections to better accommodate real-world conditions and deliver
consistent, reliable performance.

In this thesis, we have considered three major imperfections in real-world WAAM data
and developed specific outlier detection frameworks for each scenario, in order to ensure
accurate detection and satisfactory performance in practical applications. An optimized
FCM-based outlier detection method has been designed for analyzing the unlabeled WAAM
data (Chapter 3). A PSO-embedded DTL framework has been proposed for outlier detection
on limited-sample and imbalanced WAAM data (Chapter 4). A robust-training-based LNL
framework named TFCCL and a sample-selection-based LNL framework named RD-LNL
have been developed for WAAM outlier detection under label noise (Chapter 5 and Chapter 6).

In the following paragraphs, the research outputs in each chapter are summarized.
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In Chapter 3, an optimized FCM-based outlier detection method has been proposed to
analyze the unlabeled WAAM data. The ASRPPSO has been developed to optimize the
initial locations of the cluster centroids in the FCM algorithm. An AWU strategy has been
designed in the ASRPPSO to adaptively adjust the acceleration coeflicients, and the Gaussian
white noise has been added to the velocity updating equation based on the evolutionary states.
Besides, a switching strategy has been employed to balance the global and local searches.
Under this parameter updating strategy, the particles could obtain strong search ability, and
they could avoid being trapped in the local optima. Experimental results have shown the
superiority of the ASRPPSO over some existing PSO algorithms in terms of convergence
rate and solution quality. The outlier detection performance on the unlabeled WAAM data
has also shown the effectiveness of the developed ASRPPSO-based FCM algorithm.

In Chapter 4, a PSO-embedded DTL framework has been developed for outlier detection
on WAAM data that suffer from the small-sample problem. A novel DDA strategy has
been designed to minimize the cross-domain discrepancies of both the marginal distribution
and the conditional distribution. Two separate coefficients have been introduced to adjust
the conditional domain discrepancies of normal instances and outliers to alleviate the data
imbalance problem. The PSO algorithm has been adopted to adjust the hyper-parameters
of the proposed method. Experimental results have shown satisfactory and promising
performance in the detection accuracy of the proposed approach on small-sample WAAM
data.

In Chapter 5, a novel robust-training-based LNL framework named TFCCL has been
developed for WAAM outlier detection under label noise and limited-data conditions. The
FCCL strategy has been introduced to update the Transformer encoder, where a UFCM
algorithm has been proposed for identifying positive and negative sample pairs. A dynamic
two-stage training scheme has been designed to train the outlier detector, incorporating a
joint learning strategy to enhance its robustness against noisy labels. A dynamic updating
strategy has been employed to update the UFCM algorithm throughout the training process.
A label-consistency regularization term has also been introduced to minimize the discrepancy
between the outputs of the outlier detector and the UFCM algorithm to further improve model
reliability. Experimental results have demonstrated the effectiveness of the developed TFCCL

framework on noisy labeled WAAM data.
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In Chapter 6, a sample-selection-based LNL approach named RD-LNL has been proposed
for WAAM outlier detection with noisy labels under sufficient-data settings. An LFSS
strategy has been proposed to train the outlier detector. A selection metric has been designed
for identifying clean samples. In addition, an adaptive selection scheme has been put forward
based on the selection metric for adjusting the CSSR. Experimental results for outlier detection
on WAAM data with label noise have demonstrated satisfactory performance of the proposed
approach.

It should be noted that the WAAM data used in this thesis cannot be publicly released
because they are collected from real-world manufacturing processes and are subject to
confidentiality and intellectual property restrictions. For the same reason, the data-dependent
implementation code cannot be publicly released either. However, the source code of
the ASRPPSO algorithm, which is independent of the WAAM data, is publicly available
on GitHub (https://github.com/jisu33162/Adaptive-Switching-Randomly-Perturbed-Particle-
Swarm-Optimization-Algorithm-ASRPPSO).

7.2 Future Work

In this thesis, we have investigated outlier detection on imperfect real-world WAAM data.
Although the developed frameworks have been successfully applied to real-world WAAM
data, there is still much room to extend our work from the perspectives of the algorithm and
application. It is worth mentioning that unlabeled data and small-sample data have been
widely studied in recent years, and various existing approaches have achieved remarkably
good performance in addressing these challenges. As such, in future research, our attention
will be directed toward the noisy label problem, as it remains insufficiently explored and holds
substantial potential for further study. Below are some future research directions relevant to

the research work in this thesis.

7.2.1 Physics-Informed Learning

In many LNL approaches, label noise is primarily perceived by the model through statistical
training signals, such as per-sample losses and confidence scores, which reflect the underlying

learning information of the clean and noisy samples during the training process [71, 221].
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Nevertheless, existing LNL approaches typically adopt static strategies, which neglect
the variability across different domains. Furthermore, the statistical training signals may
sometimes become ambiguous in some real-world scenarios, especially under high label
noise conditions.

To address the gap in LNL research, it is essential to develop adaptive frameworks that can
effectively distinguish clean and noisy samples across diverse data domains. Physics-informed
learning offers a complementary perspective by embedding prior physical knowledge into
the learning objective to enhance the model’s robustness and generalization ability [77]. By
utilizing additional physical patterns and enforcing consistency with known physical laws,
the model is capable of suppressing the influence of noisy labels and producing physically
consistent predictions. Besides, tracking and analyzing the training dynamics can also help
the model identify clean and noisy samples based on the learning behaviors of samples
across different domains adaptively. To be specific, integrating advanced dynamic learning
techniques such as online meta-learning, temporal noise modeling, and Bayesian uncertainty
estimation can enable models to adapt to diverse training behaviors, thereby enhancing the

model’s robustness against label noise.

7.2.2 Instance-Dependent Label Noise

Comparing with the CDLN (which assumes label noise to be independent and uniformly
distributed), the probability of label corruption in the IDLN depends on both the ground
truth and the corresponding input features, which can be seen as a more realistic noise model
[54, 167]. Specifically, the noisy labels usually arise from minor uncertainties in the input data
or context-dependent factors that affect human annotators. The samples under IDLN typically
exhibit high heterogeneity and complexity, and the extracted features are often similar to
those of clean samples, which makes it particularly challenging to distinguish between noisy
and clean samples using existing LNL approaches designed for CDLN problems.

So far, only a few LNL approaches have been proposed to handle the IDLN problem
[59, 163, 201], and most of which rely on sample selection strategies to identify and leverage
clean samples to mitigate the complexities arising from the IDLN. It is worth pointing
out that sample selection strategies may discard potentially valuable samples, which can

reduce the quantity and diversity of the training data, and thereby negatively affect the
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overall performance. As such, there still remains considerable research potential for further
investigating IDLN scenarios by improving the sample utilization efficiency via developing
adaptive weighting or label correction mechanisms. Besides, designing hybrid approaches
that combine sample selection with advanced noise modeling techniques is also a potential

solution to enhance the robustness and generalization ability of the model under IDLN.

7.2.3 Hyper-parameter Selection

During the past few years, numerous LNL approaches have been developed by adjusting the
model architectures or modifying the loss functions, which inevitably introduce a variety of
hyper-parameters. Hyper-parameter selection plays an important role in: 1) determining the
network architecture (e.g., number of units, number of layers, etc.) which affects the model
complexity; and 2) balancing the contribution of each term in the loss function, which affects
the performance of the model such as model robustness, generalization ability, accuracy
and so on. It should be noted that the values of hyper-parameters can directly influence
model training, thereby affecting the model performance. Normally, the selection process of
hyper-parameters relies primarily on manual and experience-based methods, which proves to
be time-consuming. Such manual selection may lead to suboptimal model performance and
limited scalability, especially with constrained time and resources [118].

It is worth mentioning that selecting optimal hyper-parameters involves systematically
exploring various combinations of parameter values and evaluating their impact on a chosen
performance metric such as the loss value or the model accuracy, which can be formulated
as an optimization problem. To further enhance the effectiveness of the LNL approaches,
employing the optimization techniques (e.g., evolutionary computation, Bayesian optimization,
neural architecture search, and reinforcement learning-based strategies) to automate the
hyper-parameter selection process is a feasible solution with broad research potential for
future exploration. Besides, designing adaptive hyper-parameter selection strategies also
offers the potential to dynamically adjust model parameters in real time during the model
training process, which would further enhance the overall model performance in real-world

applications.
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7.2.4 Budget-Aware Evaluation and Method Selection

The methods developed in this thesis have mainly focused on improving the robustness and
detection performance of outlier detection models under imperfect industrial data conditions.
Nevertheless, computational budget is also an important factor that should be considered in
practical WAAM monitoring applications. Different methods may require different levels of
computational resources due to differences in model complexity, optimization strategy, training
scheme, and hyper-parameter selection process. For example, deep learning-based approaches
and optimization-embedded frameworks may achieve strong detection performance, but they
may also introduce higher computational costs than simpler clustering-based or shallow
learning methods.

Therefore, future research could further investigate budget-aware and resource-aware
comparisons of different outlier detection methods under varying levels of computational
resource availability. Specifically, the trade-off between detection performance and computa-
tional cost could be systematically evaluated by considering factors such as training time,
number of fitness evaluations, memory usage, and hardware requirements. Such analysis
would help identify lightweight methods for resource-limited industrial environments and

more complex methods for scenarios where sufficient computational resources are available.

7.2.5 Data Security

With the widespread adoption of cloud-based technologies, data security has become a
critical concern in various data analysis tasks, especially in finance, transportation, and
manufacturing [70]. Security risks (such as data tampering, data corruption, data poisoning,
or adversarial attacks) may result in the occurrence of noisy labels, which would mislead the
learning process and degrade the model performance. It is worth mentioning that such noisy
labels often arise from deliberate adversarial actions and are carefully generated to resemble
clean labels, which brings significant challenges for model training. Furthermore, existing
LNL approaches are typically developed based on assumptions of random or static noise,
which may fail to address the data security challenges effectively.

To tackle the noisy label problem caused by data security issues, future research could

focus on developing integrated LNL approaches that incorporate security-aware mechanisms
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to detect and mitigate adversarially induced label noise. Specifically, such approaches
should be capable of distinguishing between naturally occurring and intentionally introduced
label noise, adapting dynamically to evolving attack patterns, and maintaining robustness
even under targeted data manipulation. Promising directions include integrating adversarial
defense strategies with noise modeling and designing hybrid methods that jointly consider

data integrity and label correctness.
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