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Abstract

In recent years, remanufacturing has significant interest from researchers and practitioners to improve
efficiency through maximum value recovery of products at end-of-life (EoL). It is a process of returning
used products, known as EoL products, to as-new condition with matching or higher warranty than the
new products. However, these remanufacturing processes are complex and time-consuming to
implement manually, causing reduced productivity and posing dangers to personnel. These challenges
require automating the various remanufacturing process stages to achieve higher throughput, reduced
lead time, cost and environmental impact while maximising economic gains. Besides, as highlighted by
various research groups, there is currently a shortage of adequate remanufacturing-specific technologies

to achieve full automation.

This research explores automating remanufacturing processes to improve competitiveness by analysing
and developing deep learning-based models for automating different stages of the remanufacturing
processes. Analysing deep learning algorithms represents a viable option to investigate and develop
technologies with capabilities to overcome the outlined challenges. Deep learning involves using
artificial neural networks to learn high-level abstractions in data. Deep learning (DL) models are
inspired by human brains and have produced state-of-the-art results in pattern recognition, object
detection and other applications. The research further investigates the empirical data of torque converter
components recorded from a remanufacturing facility in Glasgow, UK, using the in-case and cross-case

analysis to evaluate the remanufacturing inspection, sorting, and process control applications.

Nevertheless, the developed algorithm helped capture, pre-process, train, deploy and evaluate the
performance of the respective processes. The experimental evaluation of the in-case and cross-case
analysis using model prediction accuracy, misclassification rate, and model loss highlights that the
developed models achieved a high prediction accuracy of above 99.9% across the sorting, inspection
and process control applications. Furthermore, a low model loss between 3x10° and 1.3x10° was
obtained alongside a misclassification rate that lies between 0.01% to 0.08% across the three
applications investigated, thereby highlighting the capability of the developed deep learning algorithms
to perform the sorting, process control and inspection in remanufacturing. The results demonstrate the
viability of adopting deep learning-based algorithms in automating remanufacturing processes,

achieving safer and more efficient remanufacturing.

Finally, this research is unique because it is the first to investigate using deep learning and qualitative
torque-converter image data for modelling remanufacturing sorting, inspection and process control
applications. It also delivers a custom computational model that has the potential to enhance
remanufacturing automation when utilised. The findings and publications also benefit both academics
and industrial practitioners. Furthermore, the model is easily adaptable to other remanufacturing

applications with minor modifications to enhance process efficiency in today's workplaces.



CHAPTER ONE
INTRODUCTION AND BACKGROUND

1.0 Introduction

Environmental issues such as climate change have become a crucial discussion among experts in
various fields to make more sustainable decisions about the current and future generations. These issues
have spurred circular economy concepts that redefine how resources are managed, most importantly
designing systems with the least waste and pollution, keeping products and materials in more prolonged
use and many other approaches [1]. Despite these strategies, manufactured products still find their way
to end-of-life (EoL), and the need to manage them at EoL becomes inevitable. To address these EoL
products, reuse, remanufacturing, and recycling are among the dominant strategies to recover values
from the EoL products, among other existing approaches [2]. The product recovery hierarchy has
remanufacturing towards the top layers as it supports the reuse of products and components with the

least additional raw materials [3].

Remanufacturing is the process of returning used products "to at least original equipment manufacturer
(OEM) performance specification from the customers perspective and giving the product a warranty
that is at least equal to that of the newly manufactured equivalent” [4]. It guarantees to return products
with a warranty, matching that of a new product, proving more advantageous than other management
approaches. More recently, remanufacturing is estimated to be worth about EURO 30 billion, and the
industry continues to grow [3]. It is an end-of-life activity after a product has passed through its useful
life. The product life cycle (PLC) consists of three vital stages, including the beginning-of-life (BoL),
where the product is first designed and manufactured, and the middle-of-life (MoL), where the product
is used, serviced and maintained. In the end-of-life (EoL) stage, used products are re-collected as cores,
disassembled, remanufactured, recycled, reused and or disposed [5]. In these stages of the PLC,
information flows across each process. However, the EoL stage suffers from significant information
loss compared to the BoL and MoL stages, making most product decisions based on insufficient,
inaccurate and incomplete product life cycle information with higher and increasing product complexity

[6]. These make remanufacturing process activities more challenging to undertake.

Conversely, products for remanufacturing have vital characteristics, including: high recoverable value,
stable product technology, good process technology, and must not suffer obsolescence [7], [8].
However, the design team's decision to remanufacture a product is an early thought during the product
development stage. Remanufacturing makes it possible to recover some of the values invested in
production at the end of its first life cycle. These decisions are based on the potential for value recovery
against the cost of providing additional features to the product. The products are recycled or disposed if

the cost cannot be recovered with some reasonable profit.



Nevertheless, researchers have outlined that the remanufacturing processes are complicated, manually
performed and lack the suitable tools and methodologies to maximise profitability[9]-[11]. Moreover,
using the existing approaches brings a time-delay bottleneck in remanufacturing, especially manual
inspection, and the labour-intensive nature causes stress[12]-[14]. This research focuses on exploring
the capabilities of deep learning algorithms to simplify these processes and enhance the tools and
methods to achieve more sustainable remanufacturing. These technologies will provide vital benefits
with their adoption, boost productivity, improve quality, increase capacity, and save operating costs
[15].

1.2 Research Background and Context

The remanufacturing process is a complex process that returns used products to “as new” conditions in
parts or complete with matching or greater warranty compared to the new products [16], [17]. It
involves numerous processing stages, including identification, disassembly, inspection, cleaning,
rework, reassembly and testing [18], [19]. Remanufacturing enhances the sustainable use of raw
materials and provides environmentally safe productions with colossal energy-saving benefits [20],
[21]. However, most of these processes are manually performed despite these potentials, making them
slow, posing serious safety concerns to personnel, and unrepeatable results in most cases[6], [22]. These
challenges result in reduced quality of remanufactured products, prolonged remanufacturing time, and
increased costs, leading to significantly poorer value recovery from EoL streams. Besides, the
availability of numerous simulation models that outline several novel technologies for improving
remanufacturing process performances [23]-[25] and the validations that support productivity

enhancements [26], [27] have not witnessed any success.

A solution to these concerns is developing process and hybrid automation technologies, identified as
vital tools that can improve the remanufacturing process [6]. It explores technologies and systems to
achieve safer, more repeatable, and improved results. This research examines the possibility of attaining
hybrid technologies that could enhance remanufacturing processes, focusing on inspection, sorting, and

process control. The problem statement highlights the need to explore the outlined challenges, including

e Remanufacturing processes are primarily manual and require experienced personnel to perform
specific tasks efficiently [6], [22], drawing attention to new and emerging technologies for

automating remanufacturing processes to reduce the dependence on expert judgement.

e The performance of production systems is always a critical concern, including remanufacturing;

therefore, exploring approaches to make them repeatable is vital to enhance quality.

e Parameter tuning and optimisation are time-consuming, eliminating guesswork errors and saving

time by automating feature detection algorithms using deep learning.

Besides considering these highlighted challenges, deep learning models offer a systematic process to

achieve optimal performances by making the processes repeatable and continuous, improving service



quality, and enhancing resource utilisation. This scope brings another big question that this research
tries to answer, "How can emerging deep learning models automate the remanufacturing process or
parts of the remanufacturing process?”. This research explores possible solutions that could
significantly automate remanufacturing or parts of the remanufacturing process since it is practically

impossible to automate the entire remanufacturing process for all products without human interference.

1.3 Deep Learning

Deep learning refers to the acronym used to describe deep neural network models developed using
artificial neural networks. Deep learning is a subfield of machine learning(ML) where computational
models, composed of multiple processing layers, are used to learn representations in data with various
abstraction layers [28]. It is an emerging technology that plays a significant role in enhancing industrial
activities worldwide, and remanufacturing can leverage the benefits provided by the technology in other
industries. Researchers outline that the deep learning field is driven by experimental findings rather
than theory, with advances in algorithm design made possible through appropriate hardware and data
[29]. However, modern enterprises are recently experiencing new revolutions from traditional
manufacturing to intelligent manufacturing [30], with research on the impact of these technological
advancements, especially for remanufacturing, attracting industry interest [31]. This research explores
the potential of these deep learning algorithms to address identified remanufacturing challenges to meet
the remanufacturing industry's specific needs. They have the potential to drive automation in
remanufacturing; however, the general adoption of these technologies is still not vast across industries,

including remanufacturing.

Nevertheless, artificial intelligence is a branch of computer science aiming to make computers perform
up to human-style intelligence. Al systems use deductive logics whose rules depend on human
ingenuity. Among artificial intelligence components, machine learning allows computers to learn data
patterns without being explicitly programmed. Machine learning models also use statistical inference,
where rules are inferred directly from data. It has significantly improved technological advances across
diverse fields, with deep learning being the most significant driver of machine learning research lately,

with massive state-of-the-art results [28].

Deep learning is inspired and modelled by the biological brain and thrives by learning high-level
abstraction in data using multi-layered hierarchical architecture [28], [32]. A typical deep learning

model schematic outline shows the stages to set up a standard deep learning-based system.



Improve Prepare
Model Data

Figure 1.1 Block diagram of a typical deep learning model

These algorithms involve developing computational models, after which the obtained process data is
modified to suit the model through a preparation process and used to train the model. Finally, the model
is evaluated for performance and optimised through model improvement approaches. These stages are

performed in all deep learning models to ensure that the model performs to desired standards.

Nevertheless, why should the potential of deep learning for remanufacturing be explored? To further
highlight the need to study deep learning models, they do not require designers to develop and obtain
hand-crafted features but automatically learn these features. It can also work on raw data and generalise
well on different tasks, exceeding human-level recognition in predictive studies [28], [33]. The samples
of the collected torque converter cores for remanufacturing used in this research are shown in Figure
1.2.

Figure 1.2 Cross-section of the core components of the torque converter units used as research data.

Besides, by exploring these DL concepts, novel solutions are produced to mitigate some of the
associated hazards of remanufacturing processes, especially for automotive products, which are usually

contaminated when returned.

1.4 Research Questions

This research builds on deep learning algorithms and models' ability to perform remarkably in diverse
applications. Hence, this study explores how deep learning models can be deployed in different
remanufacturing contexts to improve efficiency through automation. The following questions are set as
guidelines to fulfil these aims. This research breaks the big question "How can deep learning enhance
remanufacturing productivity?" into the following seven research questions to attain the aims and

objectives of this study



Q1. What is the current level of deep learning applications in remanufacturing?

Q2. Can a novel method be developed using deep learning to automate various remanufacturing
processes?

Q3. How can the understanding of the deep learning model results be improved?
Q4. How can the developed deep learning models be adaptable to other remanufacturing applications?
Q5. How can the study support future deep learning research in remanufacturing?

Nevertheless, these questions help to enhance the understanding of the existing deep learning literature
and highlight the practical algorithms for use in the remanufacturing sector. It also outlines the
techniques of applying and deploying the developed technologies in remanufacturing alongside

discussions on the observed improvements achieved.

1.5 Research Motivation and Justification

This research is driven by the vital circular economy paradigms where sustainable habits and
developments play significant roles in enhancing resource efficiency by reducing consumption of
resources, materials, energy, and the corresponding environmental impacts while maintaining
competitiveness in the global business environment. Moreover, remanufacturing refers to tools,
technologies, systems, and knowledge-based methods to recover and reuse materials from end-of-life
products [6]. As these technologies and techniques are not fully yet explored, it also outlines the need to
delve further into the capabilities of emerging deep learning. Deep learning provides an abstract
approach to learning patterns from data using computational models. The focus is exploring the deep

learning algorithms in the remanufacturing context alongside the other enabling technologies.

Nevertheless, improving remanufacturing requires analysing the available process big data for
understanding, using computational models capable of reading these extensive data and inferring
helpful information from them. Machine learning, especially the deep learning subfield, has become the
first choice and state-of-the-art for this application. The remarkable performance across almost every
field of application draws further interest to explore remanufacturing applications. The following key

factors inform the justification of the methods and techniques adopted in this research

e The opportunity to apply intelligent algorithms to remanufacturing and explore the challenges.
However, integrating and achieving automated remanufacturing solutions has not been fully
attained [22], [34].

e The available data limitations make them unsuitable for modelling remanufacturing processes as
they were, thereby making it impossible to conduct empirical research on deep learning models

for process-specific remanufacturing applications.

o To explore deep learning capabilities for remanufacturing by investigating the vast quantities of

data produced by industrial processes to identify and understand the underlying trends.



e Exploring deep learning for remanufacturing productivity improvement by automating processes,

increasing speed and accuracy since the algorithms have enhanced almost every application [28].

e To enhance the overall product quality by automation, eliminating total dependence on experts'

judgement in the remanufacturing inspection, sorting and process control.

o To further investigate existing learning algorithms that have not been applied to specific

remanufacturing tasks, primarily to perform inspection, sorting and process control.

1.6 Scope of the Research

The central theme of the study is to explore emerging deep learning technologies that could enhance the
remanufacturing process. In addition, the general application of deep neural networks is investigated to
provide empirical evidence that supports their application in remanufacturing. The research focuses on
modelling inspection, sorting and process control in remanufacturing and considers the relationships
between various model parameters on the performance of deep neural networks. Based on these
findings, this research drives a comprehensive automated model for deploying deep neural network

models for remanufacturing inspection, sorting and process control.

This scope is informed by the production and operations management action research theory-building
approach that focuses on developing and applying various concepts to build knowledge [35].
Nevertheless, a holistic approach to action research includes the components of action research. The
most significant considerations are finding specific areas of focus, obtaining industry collaborations to
enhance transparency, data access, analysis, evaluation, and disseminating the findings from the
research. This scope is highlighted in the dotted outline of Figure 1.3, the block diagram of action

research in operations management.

e m e m e ———————
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The role of collaboration highlights the process of two unrelated entities working together to determine
how mutual goals, risks, information and resources are shared to achieve a common goal [36].
Understanding the collaboration components is vital to ensure that parties involved discern their roles

throughout the process, transparently building trust and sharing information [37]. The primary benefits
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of this collaboration include providing the researcher with first-hand experience of the remanufacturing
process, which is significant for understanding the processes, assessing the remanufacturing challenges
from the practitioners' perspective, sharing knowledge to improve processes and providing access to the

process data for model development and evaluation.

The rationale behind this scope was that only image data was collected, which would aid the evaluation
of the different test cases during the research. These images were used to recognise parts from
disassembly, inspection, and sorting. However, the disassembly requires additional specialised
hardware, while the sorting and inspection applications require an actuator and visual sensors. The
hardware requirements restrict the choice of sorting, inspection and process control for easy evaluation

and validation.

1.7 Research Design

This research adopts the applied research method that focuses on obtaining empirical observation to
solve critical societal problems. The use of applied research is the dissemination of the findings for ease
of implementation, especially for practitioners, with authors suggesting the vital strength of the
approach is the ability to test the results obtained from research [38]. Nevertheless, researchers added
that applied research could benefit from building theories and testing the developed hypotheses [39],
thereby expanding the scope of the basic knowledge to obtain additional values, usually for

practitioners.

Moreover, the research design uses the sequential mixed research strategy, where the quantitative and
gualitative research techniques alongside the strength of action research, to develop, understand and
highlight the benefits of the emerging deep learning technologies in remanufacturing inspection,
sorting, and process control. The action research perspective details the collaborations, scope,

developments, and application of theories to build new knowledge alongside disseminating the findings

This research uses the in-case and cross-case analysis of various remanufacturing processes as an
enquiry technique for developing new knowledge for applying deep learning models in
remanufacturing. It follows an engineering research design approach that outlines that specific cases in
engineering differ from the original case-study method with the contemporary component where
historical data from any process cannot meet the definition of case-study research [39]. The in-case
analysis focuses on the application familiarisation and thorough documentation of the process, while the

cross-case highlights the differences and similarities in the models and results.
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Moreover, the dependent sequential mixed method research uses deep learning algorithms for
modelling inspection, sorting, and process control for remanufacturing applications. Afterwards, a
validation by review assesses the usefulness of the developed automated systems for remanufacturing

from a practitioner's perspective.

1.8 Research Deliverables and Novelty

The uniqueness of the research focuses on the method of achieving process automation using deep
convolutional neural network models. Besides, the deliverables of the study include literature reviews
on activation functions and optimisation techniques for deep learning alongside a CNN architecture for
use in remanufacturing. Furthermore, it highlights various methods to model and deploy deep neural
network models in remanufacturing inspection, sorting and process control applications. It also delivers
convolutional neural network architecture that can quickly adapt to other remanufacturing processes.
Nonetheless, another vital delivery of the research comes from industry collaboration. The study
proposes improved process automation methods to enhance industry practices using deep learning and
further outlines a process approach to achieve automated inspection, thereby providing tools that help
decision-making before remanufacturing. Finally, the principal research deliverables and contributions

to the body of knowledge are outlined in Figure 1.5.
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Figure 1.5 Research deliverables and contributions

1.9 Research Beneficiaries

This research's beneficiaries are four-fold: academia, remanufacturing practitioners, machine learning

practitioners, and supply chain practitioners. These include

Academia benefits from current remanufacturing practices that have depended chiefly on
simulations to highlight the viability of adopting emerging technologies; however, implementing
these technologies has not been fully explored for practicality. The research helps to outline how
to achieve practical deployment of deep learning models in remanufacturing, thereby enabling
researchers to understand how to practically use them in remanufacturing applications,
supplementing remanufacturing processes knowledge and improvement techniques.

The research provides remanufacturing-specific tools for inspection, sorting, and process control
for the remanufacturing practitioners, closing the gap in the scarcity of adequate technologies and
tools for improvement.

It also benefits the machine learning community by providing valuable insights on improving
model designs and understanding in choosing model parameters, including the choice of activation
functions and optimisation techniques for deep learning, summarised with published literature
reviews from this research, among other unpublished findings.

Supply chain practitioners also benefit from the contributions of this research by understanding the
factors of supply chain collaboration, including trust, information sharing and other vital benefits
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of cooperation. The benefits of this collaboration were helpful in understanding the essential

elements that support collaboration, especially with the industry stakeholders

1.10 Contributions from the research

Research contributions often referred to as research gaps in the literature, are "an area for which
missing or insufficient information limits ability to reach a conclusion for a question” [40]. These gaps
constitute some research needs that limit the ability to make decisions. For remanufacturing, previous
research focussed on understanding the processes involved in product remanufacture alongside the
constraints and challenges faced by remanufacturers. Most importantly, In the field of inspection and
sorting, researchers have shown the possibility of deploying emerging technologies, especially machine
learning and deep learning, to improve some of the processes involved in remanufacturing products
[41]. However, most of the existing machine learning research in the remanufacturing field is modelled
as regression-based problems, where system performance predictions use numeric data, and the
modelled outputs are also numeric [41], [42]. Conversely, the research models the remanufacturing
inspection, process control, and sorting processes as a classification problem that use image data to

achieve component and product inspection, sorting and process control.

The research provides numerous academic contributions to the field of remanufacturing and machine

learning, which include:

e A published review on the optimisation techniques for deep learning.

e A published review on the activation function trends for deep learning

e Summary of the research progress in sorting, process control and inspection technologies used in
remanufacturing to enhance understanding.

e Outlines novel approaches to modelling inspection, sorting and process control using deep
learning methods to achieve automated inspection and process control in remanufacturing.

e A published framework for automating inspection in remanufacturing using the design for
automated inspection.

e Developing a Python-based deep convolutional neural network model that performs sorting,
inspection and process control in remanufacturing. Furthermore, these models enhance the
automation of the remanufacturing sorting, inspection, and process control applications.

e A dataset of torque converter components for supporting further research on deep learning in

remanufacturing.

Besides, the industrial deliverables include simplified methods of achieving component inspection,
sorting and process control using computational models that can improve various remanufacturing

processes and techniques, thereby enhancing efficiency and productivity.

Nevertheless, a summary of the research publications was included as publications on page iv.
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1.11 Thesis Structure
The remaining parts of this thesis are structured in chapters, which include the following;

Chapter 2 presents a brief introduction to remanufacturing, automation, challenges, benefits of
remanufacturing, and a brief introduction to deep learning algorithms. It further outlines the
architectures of deep neural networks, focusing on the deep convolutional neural networks, their
evolution and components, among others. Finally, the current inspection, sorting and process control

methods in remanufacturing were discussed alongside the limitations.

Chapter 3 presents the research design and philosophical approaches used in the study. It also details
the procedural issues encountered during the investigations—the rationale for adopting the sequential
mixed-method research approach alongside the legitimacy of the research. Finally, the data collection

methods and the vital research considerations were evaluated to attain the research objectives.

Chapter 4 presents the modelling and design techniques for using the deep convolutional neural
network algorithms for modelling various remanufacturing processes. The design, data preparation,
training and evaluation metrics used in modelling the remanufacturing applications are presented. It
also explains the modelling approach of deep convolutional neural networks for the modelling

inspection process in remanufacturing.

Chapter 5 presents the process adaptation approach for remanufacturing sorting and process control
using the researcher-developed deep convolutional neural networks model. It details the modelling
method and architectural modification to perform sorting and process control in remanufacturing

alongside the in-case analysis and deductions from the respective models.

Chapter 6 presents the quantitative analysis of the developed model, where the cross-case analysis of
the different model parameters was evaluated to obtain the optimal performance parameters used in the
final model and the model industry feedback. Finally, the experimental validation and industry

feedback interpretations supporting the research findings were discussed.

Chapter 7 provides the conclusions drawn from the investigation. In addition, it highlights the
significant contributions of the research, recommendations and other areas of future research not

explored by the research.

1.12 Chapter Summary

This chapter introduces remanufacturing, the benefits and challenges, and provides an overview of
emerging deep learning technologies for improving remanufacturing. It further highlights the research
background, context, aims and objectives, motivations, scope and beneficiaries. It also briefly discussed

the research method and structure of the overall thesis.
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CHAPTER TWO
RESEARCH PHILOSOPHY AND DESIGN

2.0 Introduction

This chapter discusses the research methodology and design approach. It outlines the rationale for
adopting the applied research, focusing on empirical analysis to understand the best practices of
deploying deep learning models in remanufacturing. The chapter addresses the research questions (Q3)
on the specific remanufacturing processes that could be modelled using deep learning. It highlights how
the research could support future remanufacturing research (Q5) by describing the created datasets to

support future deep learning research.

2.1 Research Design

The research design refers to the science of performing specific research. The research design details
the plans, procedures, assumptions, data collection methods, and analysis used in a given research.
These plans include all the decisions made in the order that makes sense alongside the presentation
order. On the other hand, science has been defined as a systematic and methodological approach to
obtaining new knowledge [43]. Scientific research details the methods and principles that enable
researchers to draw a valid and reliable conclusion from a study. The main benefit of the scientific
approach to research is that it provides a structured approach for gathering, evaluating and reporting
results in the research context. This technique allows researchers to design and present their research in

the most logical approach.

Moreover, the research design also helps judge the quality of research according to specific logical
steps: data dependability, credibility, trustworthiness, and conformability [44]. The approach to
achieving the research objectives is summarised in the four stages of activities summarised in Figure
2.11.
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Literature review

e To identify the gaps in the emerging deep learning literature in remanufacturing.
o Assess the level of technology development and usage in remanufacturing

e To evaluate the model design, architectures and parameters for better understanding

A\ 4

Research design

e To evaluate the suitability of deep learning for modelling the inspection, sorting and
process control processes in remanufacturing.
e To develop aresearch strategy for obtaining valid results through a rigorous data

collection and analysis.

v

Testing

e To implement, and evaluate the developed model parameters on the obtained
remanufacturing data and highlight any limitations observed.

e To explain the performance results obtained from the model

\ 4
Validation

o Validate the use cases as beneficial to practitioners (Measures important issues).

e Highlight the reliability of the approach (Reproducible and adaptable to new cases).

Figure 2.1 Overall research structure

Conversely, the mixed-method approach combines quantitative and qualitative research techniques,
whose strength is higher than independently using qualitative or guantitative methods. Moreover, it
involves the use of data from both views in tandem. The study's research design is outlined in the block
diagram in Figure . The various process data for collection include images of objects recorded as videos

and converted to images for further analysis and quantitative evaluation.
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2.1.1 Procedural Issues in the Research

This study adopts the mixed research method to explore both quantitative and qualitative approaches;
however, there are several issues of procedure to manage. These include the issue of implementation,
where a decision of which method is explored first, the weighting issue that decides the dominant
method and finally, the integration issues, where the findings of the respective methods are combined

[45], [46]. These procedural issues in the research are outlined as follows.

a) Implementation Decision

There are two approaches to implementation, including concurrent implementation and sequential
implementation. The concurrent implementation involves performing both qualitative and quantitative
analysis simultaneously. At the same time, the sequential allows one method to follow the other, either

guantitative before qualitative or qualitative followed by the quantitative method [45]. This research

15



adopts the sequential design as the research objective is to quantitatively develop and adapt the deep
learning techniques across various remanufacturing processes and evaluate the performance. The
gualitative study expands the scope through practitioner inputs by capturing their viewpoints and using
them to enhance the understanding of the results. The gquantitative stage models the remanufacturing
inspection, sorting and process control alongside analysing the model's performance. At the same time,
the qualitative study complements the results and their applicability to remanufacturing. These results

are integrated to support the conclusions derived from the research.

b) Weighting Decision

Weighting refers to the magnitude of importance of the qualitative and quantitative methods to answer
the research questions by assigning equal or unequal weight to the respective methods [45]. The
research prioritised the quantitative evaluation method as it effectively addresses the vital research
objectives with the qualitative evaluation used to enhance the credibility of the findings. The results

from both evaluations were integrated to further the conclusions drawn from the study.

c) Integration Decision

The point of interface of the research is often referred to as the point of integration when the study's
guantitative and qualitative components are combined. It represents one of the most crucial decisions in
the research design, with researchers suggesting that the most common integration point is the results
and analysis [47]. Integration refers to the stage in research where the findings of the qualitative and
quantitative investigations merge [45], [46]. Without explicitly linking the findings of the two research
methods, the research output becomes a collection of multiple research methods rather than mixed-
method research. However, it has both components of a mixed research method. Hence, it is essential to
link the methods at different stages of the research. The research integrates qualitative and quantitative

data analysis and results. These integrations are described as follows.

o Data analysis - The modelling and quantitative evaluation findings provide a meaningful
interpretation of the data. At the same time, the qualitative practitioner feedback helped validate
the findings as worthy contributions to the body of knowledge.

o Results - The quantitative and qualitative methods were integrated to answer the research
guestions used in the study. In addition, the findings of the respective assessments were

connected to enhance the understanding of the research in general.

2.1.2 Research Delimitations

This research focused on the exploration, design, development, analysis and testing of deep learning
methods in remanufacturing and will only concentrate on deep learning algorithms. The deep
convolutional neural network algorithms have shown state-of-the-art performance across domains.
Therefore, the research focuses on convolutional neural networks for modelling inspection, process

control and sorting in remanufacturing. The other statistical machine learning models are not considered
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with the deep learning algorithms discussed in Sections 3.9 and 3.10 of the literature review in chapter

three. Moreover, these other models were not considered in the later stages of the research.

2.2 Research Philosophy

The research philosophy consists of four basic philosophical worldviews: positivism, constructivism,
advocacy/participatory, and pragmatic worldviews [45]. These worldviews directly shape the general
research approach. As presented by the researchers, an overview of these four viewpoints is as follows.
The positivist worldview represents traditional research, with the assumptions true for quantitative
analysis and not for qualitative research. Hence, it is often referred to as empirical science or

postpositivist research.

Furthermore, the pragmatic approach also considers the reality of achieving the research goals, not just
theoretical perspectives. It focuses on the situations, actions, and consequences rather than past
conditions, emphasising the research problems to understand them further. On the other hand, the
authors outline that the advocacy worldviews have political agendas intertwined with the research. In
contrast, the social constructivist worldview refers to the social construction of reality where the
research depends mainly on the participant's views of the situation under investigation. The advocacy
and social constructivist worldviews have no relational relationship with this study. In contrast, the
positivist and pragmatic worldviews form the basis of the research to evaluate the possibility of

modelling various remanufacturing processes using deep learning.

The research follows a holistic deductive paradigm that emphasises five vital themes across quantitative
and qualitative research methods: empirical enquiry, pragmatic enquiry, deductive analysis, and
quantitative and qualitative research. The reality of these models is a pragmatic enquiry, while the
generalised conclusions drawn from the results are deductive. The empirical enquiry refers to the
modelling and analysis of the respective applications developed and used in the research, including the

sorting, inspection and process control application data alongside the validation feedback.

Moreover, the quantitative research approach concerns the modelling and explanations of concepts and
controls. It starts the investigation from the existing theories. In contrast, qualitative research concerns
the interpretations of the feedback obtained after the model validation, with the researcher being distant
from the subjects. However, the qualitative enquiry proponents believe that knowledge is constructed,
which counters the quantitative proponents that knowledge is discovered by refining the existing
theories [48]. The adopted quantitative approach involves the experimental enquiry into the use of deep
neural networks in developing models for remanufacturing inspection, sorting, and process control
applications, while the qualitative evaluation considers the output of the models alongside the

practitioner feedback used for the validation of the research findings.
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2.3 Rational for Adopting Mixed Method Research

Research methodology refers to assumptions, data collection, analysis, interpretation, and methods used
to present research, making the findings open to critique and replication [49]. The research adopts the
sequential mixed-method research approach, a hybrid technique where the researcher expands on one
research method's findings using another. It starts with a quantitative analysis that explores concepts
and theories, followed by a qualitative evaluation involving a few individuals or stakeholders and vice
versa [44], [45]. However, researchers have outlined that mixed-method research can enhance
understanding of more complicated research questions, with more substantial evidence from the broader
data scope though it is more challenging to execute [44]. In addition, the mixed method offers the
benefit of using the qualitative data to explore the quantitative findings further, augmenting the research
findings and involving the research's community-based stakeholders [50]. Finally, the mixed method
adopted in the current study gives the flexibility to develop deep learning models for remanufacturing

applications and test the concepts in various cases to validate, refine and consolidate the results.

The quantitative component of the research evaluates the process data to explain the experimental
observations between test variables using theories [45]. At the same time, the qualitative approach
brings the practitioner's views on the obtained outcomes. The typical empirical research is prominent by
the investigator's activities, which set the study's conditions alongside developing, building, and

controlling the investigation's experimental conditions [51].

The empirical research method is considered as it offers the advantage of using direct observation and
measurement of the considered process to make deductions about the process [49]. The research
explores the case approach with five essential components, including an empirical inquiry, with real-life
and contemporary components, using multiple sources of evidence alongside having no defined
boundary between the context and phenomenon [39], [44]. It evaluates the "how™ and "what" questions
that the research poses [44], alongside combining the strengths of an applied and experimental study to
the usefulness and application of knowledge [49]. However, the role of the researcher has become a
crucial factor that highlights the difference between case research and other research methods, which
considers the researcher's control over events. Multi-case research requires that the researcher works

with the participants, similar to being involved in action research [39].

The research method is an experimental mixed-method research process that relies on the quantitative
postpositivist research view while recognising that the qualitative approaches will benefit the research.
The purpose of adopting the sequential dependent mixed research approach is to demystify the
complexity of understanding the application of deep learning models in remanufacturing. The outcomes
of the quantitative investigation are discussed further by academics and industrial experts to outline if

the research objectives and outcomes were met or not.

Nonetheless, the research adopts a case-based approach used by other researchers, allowing for two

stages of data analysis, including in-case analysis and cross-case analysis [268], alongside permitting
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data triangulation. The case approach is grounded in the lack of theoretical work in the deep learning
field. Because of this lack of theory, most ground-breaking research is primarily based on heuristics
arguments derived from specific case investigations, and the same method is adopted in the research.
Moreover, another important reason for adopting case-based mixed-method research is the type of
collected data and the best ways of making sense of it. The collected data were qualitative image data,
while the numerical and computational analysis of the results is quantitative. Also, the validation
protocol used to ascertain the research findings is qualitative, obtained as feedback from the
guestionnaires. Hence, the research objectives include investigating deep learning algorithms to

enhance remanufacturing efficiency and productivity.

The multi-case investigation approach was adopted as the most appropriate method because research
suggests that they provide greater generalisation and have a higher capability for creating and
developing theories than single cases [52], [53]. In addition, it helps to model and evaluate systems on
different real-world applications to determine their performance and generalisability. Perhaps,
researchers have also outlined that implementing the simulation-based model results in remanufacturing
has not witnessed appreciable deployment due to the practical implementation constraints, which are
still lacking [6]. Therefore, this research outlines the practical steps and methods of deploying deep

learning-based models in remanufacturing applications.

Nevertheless, research suggests two approaches to bridge the gap between theories and measurement:
the top-down strategy, the theory-driven approach, and the bottom-up strategy, the data-driven
approach [54]. The theories-driven approach starts with "the constructs and works towards the
observable variables", while the data-driven method starts with the "observations and works towards the
theoretical constructs”. Furthermore, this research adopted the bottom-up approach where the process

data are collected first and used to model the deep learning-based systems.

2.4 Legitimacy of the research

The legitimacy of research outlines the criteria used in research design to justify the research
approaches. According to researchers, the research design outlines the logical set of statements, which
helps judge the quality of a research design [44]. The author further highlights four critical design
criteria for judging the quality of research design: construct validity, internal validity, external validity,

and reliability. These criteria are described in the following subsections
2.4.1 Construct validity

Construct validity helps establish the chain of evidence using multiple sources of evidence. Construct
validity issues arise when the researcher measures variables based on inadequate definitions [55]. It also
measures the conformability of the correct operational measures in the research. This research

construct adopts a data triangulation approach where various remanufacturing application cases of
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inspection, process control, and sorting were used to test the quality of research findings, strengthening
the overall research's validity. The process-specific data were collected and used to train the model and,

afterwards, compare the performance.

This research has limited construct validity threats. There was an explicit definition of the variables
used in the literature review in chapter 2. The respective applications have all the factors well defined

and presented in detail with their effect on the learning algorithm outlined.

2.4.2 Internal validity

Internal validity refers to the researcher's degree of confidence about the inferences and conclusions of
the research by establishing causal relationships between variables [46]. In addition, internal validity
outlines certain conditions that lead to other processes or systems behaviours. Therefore, researchers
suggest that internal validity should be given special attention in experimental research. The vital
approaches to internal validity include using logical models to build explanations, pattern matching, and
addressing rival explanations [44]. The logical model approach was adopted to detail the relationships
between different design stages, from the conceptual model to the final actual model, alongside

explaining the different stages.

Nevertheless, internal validity is achieved through a complex model analysis, using various in-case
analyses that enable control over variables. Nevertheless, the variables used for the research evaluation
are based on theoretical foundations and findings from empirical research on applying deep learning
models. The various control variables that impact the research's dependent variables, including
prediction accuracy and error rate, were introduced to the model following other empirical research
with interpretations and deductions presented to enhance internal validity. The control variables used to

evaluate the impact of various thematic factors on model performance include:

e The model activation functions

e The optimisation methods

e The batch sizes

o the model parameter initialisation techniques
e The batch normalisation

e The loss functions
The developed model was tested against the above factors for performance evaluations and analysis
with corresponding inferences and deductions outlined.
2.4.3 External validity

External validity refers to the ability of the research to be generalised across a population that is
applying research findings in other instances of the phenomenon[44], [45]. It is another primary

criterion for judging the quality of the research design, as it outlines the domain where the study
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findings can be generalised. The study adopted the mixed research method that combines the qualitative
and quantitative research methods alongside data triangulation to obtain a robust method of improving

external validity.

Moreover, the quantitative evaluation has a lesser external validity threat since there are limited data for
the investigated processes. However, the external validity of the research was achieved by adapting the
original model developed for the remanufacturing inspection process to other applications, including
sorting and process control applications in remanufacturing. Besides, the research examined the
relationship between several model parameters on the performance alongside the qualitative
interpretation of the findings. By doing these, the consistent performance results across the various

applications improve the overall validity of the research.
2.4.4 Reliability

Research reliability refers to the ability to obtain similar outcomes on research by repeating the study,
thereby demonstrating that the study's findings can be repeated with the same results. The reliability of
the research is achieved by adopting researchers' suggestions to either develop a case investigation
protocol or a case database [44]. These techniques ensure that the model is made repeatable through the
many documented operational steps taken during the research. The repeatability of the results is
achieved through the set of results obtained from the individual cases of the model application that
achieved significantly high prediction accuracy across the different remanufacturing inspection, sorting,

and process control applications.

2.5 Vital Research Considerations

The researcher considered several factors to decide the scope of the investigation. The study adopts the
cross-case analysis method for the reasons outlined in Section 1.7. Therefore, selecting a research
method that supports the case analysis is required. The research method must be appropriate for use in
the research domain and can obtain results that satisfy the needs of the remanufacturing practitioners.
Besides, the vital considerations for the investigation include the researcher's involvement, the research

domain, the practitioner's needs, the model choice and requirements and the choice of application cases.
2.5.1 Researcher Involvement

The researcher was not employed by the industry partner involved during this research. Perhaps, the
research epistemology of the qualitative paradigm requires the principal investigator to interact with
those being researched. The researcher interacted with the practitioners, which improved the

researcher's understanding of the overall remanufacturing processes.
2.5.2 Practitioner Needs

The affiliate company is a vital part of the POM research as collaborators are critical to the success of
POM research since they provide crucial practitioner feedback. The activities of this company include

gearbox and torque converter (TC) remanufacture, diagnostics, overhaul and other automotive repair
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activities. The partners provide the researcher access to the industry process data for investigation. The
research was also conducted primarily in the Mackie Transmission remanufacturing facility in
Glasgow, UK, to further understand the challenges faced by practitioners. The routine activities helped

identify other critical areas of need for the practitioners.

The TC remanufacturing process is the primary focus of the investigation because the remanufacturing
process data can be acquired with the available setup. Perhaps, when a customer returns a faulty TC, the
company examines the unit according to the process activities outlined in ~ Figure 2.3. However, the
pre-remanufacturing activities include the job book-in, examination, initial quotation, and job

confirmation. These activities are not discussed as they are out of the shop floor remanufacturing

process.
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The TC remanufacturing process starts with the EoL unit opening, which is the stripping process of the
product after the preliminary inspection of the core on arrival, intentionally omitted as part of the
reverse logistics. Further mechanical activities include fibre removal, pressure refitting, component
remanufacture or replacement, pressure testing, cleaning, and antirust application. However, automating
these processes has been identified as a vital challenge to remanufacturing practitioners from the
literature. Furthermore, researchers outlined that the remanufacturing processes are complicated,
manually performed, and lack the tools and methodologies to achieve them [9]-[11]. Therefore, these
practitioner needs inform the study's focus on developing tools to automate some of the manual
processes in TC remanufacturing. Understanding these unexplored applications in the industry can

improve the overall remanufacturing process efficiency.

Furthermore, the detailed description of these mechanical activities is not covered; however, the other
processes, including sorting, inspection and process control during the TC remanufacturing, form a vital
part of the automation investigation. The choice of these processes was informed by the capability to

detach them from the entire loop for automation, thereby improving the speed of achieving the
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remanufacturing through semi-automated remanufacturing, where parts of a process can be automated.
Nevertheless, the ability to model these processes with similar or identical data types was vital for using
only image data to evaluate the performance of the developed models in remanufacturing product
sorting, inspection, and process control. In addition, the process control application considers the post-
cleaning inspection in remanufacturing, where inspection helps decide if the process would activate a

pressurised drying system if there are waterlogs on the components.
2.5.3 Domain of Research

The domain of research is production and operation management (POM). Researchers have outlined the
gaps between the theory of operations management and the practice [56], [57]. As the operations
research domain considers data from the real world to investigate desired trends from specific research
[58], these deviations of practical realities from theories continue to attract researchers to close the
understanding. This research aims to close the gap in understanding the use of deep learning-based

models in enhancing remanufacturing processes.

Conversely, as people are vital components of the operations management research domain, researchers
have outlined the process approach to satisfy the needs of these people, especially customers. The
process approach includes five vital stages: identifying the needs, analysing and designing a product or
service to meet that need, obtaining the inputs to test the design, transforming it into a service or
product, and finally, delivering the service or product [59]. The five-step process in the block diagram

of the adapted POM approach is highlighted in Figure 2.4.

Practitioners 4—‘

Need Satisfiers

_ Stage 1 _ Stage 5
Identify needs and forecast requirements Deliver the service or distribute product

Explicit forecast Product or service
Stage 2 Stage 4
Analyse and design the service / product Transform into product or service
Resource estimate Resources (materials, model and data)
Stage 3

Obtain the inputs

Moreover, these needs of customers in POM are adaptable to the needs of practitioners in
remanufacturing.
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2.5.4 Model Choice and Requirements.

The choice of a computational model is vital as it considers the available data for modelling the
processes. Since there is no available data for the processes to initiate the investigation, the researcher
has to decide on the processes and the computational model to investigate based on the data collected
from the remanufacturing facility where the research data is to be collected. Hence, the decision was
made to record the samples' images for remanufacturing. The qualitative image data were recorded for
processing by the model. The computational model that can process grid-like data becomes the most
appropriate choice for the research, informing the selection of convolutional neural network models as

they are suitable for analysing image data.
2.5.5 Identification of Remanufacturing Processes for Modelling

The generic remanufacturing process involves several steps that describe the entire process of returning
a used product to 'as new' conditions with matching or higher warranty. The remanufacturing process
involves identification, disassembly, cleaning, inspection, reconditioning, re-assembly, and final testing

to arrive at a remanufactured product. This process is depicted in Figure 2.5.

Identification
Final testing Disassembly

Reassembly Cleaning

The identification stage involves checking and reviewing a product to determine its make, model, and

suitability for remanufacturing [60]. Unfortunately, the availability of all these product data is not
readily available, making the application of these models in the identification stage unrealistic in the
current settings. Besides, the disassembly stage separates the returned cores into single parts and is
further classified into reusable and non-reusable products during the inspection. Early attempts to
highlight whether a product is remanufacturable or not resulted in the development of significant
importance for identifying the viability of remanufacturing, with researchers outlining that products for
remanufacturing must meet the following conditions [61]:

e There must be a core for remanufacturing.

e The core cost is low compared to the actual value.
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e The technology to restore to its original condition exist.
e Product technology is not evolving rapidly.
e The products are made to standard and with interchangeable parts.

e The remanufactured products sell for a high percentage of the original product market price.

Furthermore, these factors were considered when categorising a product for remanufacturing with
subsequent stages following afterwards. Nevertheless, the inspection determines if the part condition
has deviated from the original specifications. In addition, it ascertains the state of returned cores and
makes the best and most profitable decisions about their future use [62]. Moreover, the cleaning stage
involves numerous cleaning materials and methods, including water and high-pressure jet cleaners to

degrease, de-rust and de-oiling the disassembled products for further work [63].

Nevertheless, the reconditioning, reassembly and final testing stages involve a series of repairs,
replacements, testing, and coupling of the remanufactured parts into products. These final stages
complete the remanufacturing process in a typical automotive remanufacturing setup. It is worth
outlining that there could be additional or even lesser stages to achieve product remanufacture in some
other industries. An industry case-by-case remanufacturing setup was investigated and outlined in the
literature [64].

Conversely, an investigation into the automation of the entire remanufacturing process cannot be
achieved in single research based on the complexities of the processes, thereby creating a limit to what
is obtainable within the research. Therefore, selecting the specific remanufacturing processes for
improvement through automation in the research is based on significant factors, most importantly, the
ability to model the processes from the collected research data. The remanufacturing processes include
the identification stage referenced as sorting, inspection and process control applications. This scope is
informed mainly by the research design protocol in section 2.1, which outlines that only qualitative
video data would be collected for further processing. Therefore, these aforementioned processes are

suitable for modelling using the collected data.

2.6 Industrial Collaboration.

Collaboration refers to working across organisational boundaries to manage and build value-adding
systems to meet customer needs [276]. It enhances knowledge sharing and the relationship between
organisations, providing the platform to improve product offerings and deliver essential customer
demands. Furthermore, the general supply chain collaboration literature outlines numerous crucial
factors that enhance performance through collaboration, including information sharing, trust and
information technology [37]. These factors were essential to achieving seamless collaboration during
the research. Besides, researchers suggest that successful collaboration can be achieved when
organisations evolve against the factors that hinder collaboration. These include a lack of trust, poor

strategic planning, vision, and commitment, poor organisational culture, inadequate information
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sharing, and lack of standardised methods of measuring performance [37]. Understanding these vital
factors enhanced the researcher's contributions while interacting with the practitioners during the

research to achieve success.

Moreover, the case selection explored the possibility of collaborating with the industry, enabling the
incorporation of experts with domain knowledge in the investigation. Hence, it will enhance the

understanding and validation of the studied data.

2.6.1 Benefits of the Collaboration

The benefits of collaborating in remanufacturing research are tremendous, especially for participating
institutions to share knowledge, meet customer needs, improve quality of work, enhance competitive
advantage, improve delivery time, enhance product accessibility and improve revenue [37]. In addition,
the research output on collaboration enhanced understanding of the requirements for successful

collaboration among institutions, with significant potential to advance industrial practices.

Conversely, research benefit from the collaboration includes enhancing the understanding of
remanufacturing processes, identifying vital processes for improvement, and accessing
remanufacturing-specific data to advance future investigations on using various learning algorithms in
modelling remanufacturing process challenges as well as establishing links to various remanufacturing

industry stakeholders.

2.7 Data Collections

Data refers to any recorded factual material collected, processed, stored or used to justify or validate an
original research result. It is also a collection of information used to approve or disapprove a research
claim, theory or extend knowledge around a specific topic [49]. Research data can be qualitative, where
verbal and non-verbal data, including questionnaires, documents, lab and field notes, audio, video,
images, and transcripts or quantitative when numerically expressed or classified [49], [65].
Furthermore, for systems and processes, asking practitioners, observations and system documentation

are vital sources of information [66].

Nevertheless, researchers highlight broad data collection techniques, including observation, secondary
data, experiments, and derived forms [65]. However, the specific data collection type determines how to
manage and store them for future use and processing. In industrial context, product conditions are
recorded to properly assess and monitor health using various sensor systems, including cameras,
ultrasonic, acoustic, accelerometer, current, thermocouple, radio-frequency tags, built-in encoders etc.

[30], [279]. These sensor signals help to process system, product or component status[30], [67][30].

Conversely, the empirical data collected for this research were images of torque converter components
obtained through the connected camera. The torque converter system is an assembly that primarily

couples fluids found in automatic transmission engines, transferring rotational power from a prime
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mover to a driven load. It is located between the transmission and the engine flexplates. Besides, the
data acquisition systems used for collecting the data include a universal serial bus (USB) camera of
resolution 640 X 480 pixels, with lens F/2.0 and f=4mm, programmed to record the video of the object
samples. To achieve the setup, a computer with pre-installed Python software and codes to open, record
and capture a three-minute video of the samples from the camera and a clamp to fix the camera to a
permanent position. It was necessary to minimise the inherent measurement errors where possible, as
researchers highlight that most errors in research are caused by the data collection procedure [54],
thereby enhancing repeatability. The respective videos provided the samples of each object class used

to create the dataset, which helped train the developed learning algorithm, as detailed in Section 2.8.

Nevertheless, most of the collected data were videos of objects recorded from the experimental setup
and converted to image data alongside the validation data. The location of the primary data collection
includes the Mackie Automatic Transmission Limited Glasgow UK and the University of Strathclyde
Design, Manufacturing and Engineering Management Workshop. The data collection involves
recording videos of the samples using the researcher-developed Python algorithms and stored on a hard
drive for further processing and analysis. In contrast, the validation data were returned through the
validation questionnaires. The recorded visual data provides holistic conditional information about a
product or component conditions. The videos are converted to images, with each image representing a

data point and the collection of the data points making up the dataset.

Moreover, the data collection process of the torque converter components for remanufacturing
considered the lighting and background of the actual remanufacturing operation, with the samples
recorded directly on the conveyor systems during operation. This is informed by validated research that
considering the operation background improves the model classification accuracy [86]. The video

stream was set to always preview to quickly identify when the camera malfunctions while working.

2.8 Research Data

The research uses a collection of image data recorded using standard USB cameras. These collections
of samples are often referred to as datasets. Datasets are generally a collection of examples or data
points [68]. Researchers have outlined that the general characteristics of a given dataset fundamentally
influence the behaviour of any reference model [69]. These examples constitute the experiences the
learning systems will use during training, thereby attaining the ability to perform a given task.
Furthermore, researchers have also suggested that the amount of skills required to deploy a deep
learning-based model continues to reduce as more and more data becomes available to the models [68],

making data an essential component for improving deep learning models.

Besides, dataset creation is a tedious job requiring a lot of time. It is expected to have information about
its creation process and essential details about the makeup. The early datasets in general machine

learning research include the Iris dataset, which contains measurements of different parts of 150
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selected iris plants, with each plant corresponding to one example [70]. The features within this dataset
are the respective sepal length and width alongside petal length and width measurements, representing
three species of plants in the dataset. This dataset inspired numerous collections and annotations of
research data, leading to the creation of other massive datasets, including ImageNet, COCO, CIFAR,
FERET, and many others.

Moreover, the general computer vision challenges use standard datasets containing millions of images
helpful in training deep learning model architectures for the specific application area. These datasets are
characteristic of being huge in numbers and valuable for extracting features in the data. The first
computer vision dataset is the classic handwritten image dataset of the Modified National Institute of
Standards and Technology (MNIST), released in 1999. As the learning algorithms and techniques
advance, this dataset has continued as a reference dataset. Other standardised datasets used in various
state-of-art results reported in published computer vision articles include ImageNet [71], CIFAR [28],
MNIST [72], [73], PASCAL VOC [74], COCO [75] etc. The MNIST dataset contains 70,000
handwritten images, with 60,000 training and 10,000 test samples [72], [73]. The MNIST was used for
digit recognition tasks, but the visual recognition challenge was birthed due to advancements in

algorithm development and the need to track the advancements.

Furthermore, the PASCAL Visual Object Classes challenge, known as the PASCAL VOC dataset,
consists of two components: an annual competition with a workshop alongside a publicly available
image with annotation of ground truth and standardised evaluation software. This competition started in
2005 and increased the number of objects used in the datasets in the subsequent years. The PASCAL
VOC has five challenges: recognition, detection, segmentation, action classification, and person layout
[76]. However, it is worth stating that the PASCAL VOC dataset is used to test new advancements in
algorithm developments; however, the PASCAL VOC challenge has now finished [74].

Nevertheless, the early object recognition and image classification tasks used the large-scale visual
recognition challenge (ILSVRC) dataset, also known as ImageNet. It is the pioneer dataset of millions
of labelled images used for training and testing deep learning algorithms. Furthermore, this dataset is
used to test the progress of computer vision applications for extensive scale image annotation and
retrieval[71]. Besides, these standard datasets are usually grouped into two categories; the publicly
available datasets and the annual competition datasets, where entrants train their algorithms using the
provided training images and automatically annotate the test images as results, alongside submission to
the evaluation server. After the competition, the results of the state-of-the-art algorithms are published,

with the authors invited for insights.

In addition, the COCO dataset, the Common Obijects in Context, is another standardised dataset for
large-scale object detection, segmentation, and captioning, with ninety-one object classes and over two
million labelled images. It represents objects in the natural environment with specialised features,

including recognition in context, object segmentation and super-pixel segmentation [75]. In addition,
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the developers focus on finding objects within a scene from varied viewpoints [77]. Other more recent
scene recognition datasets are the Places dataset, with over seven million labelled images [78] and the
SUN dataset, with around a million labelled images for each of the ten scene categories and twenty
object categories [79].

Conversely, It is worth highlighting that these datasets have continued to advance as the algorithms
improve; however, the growth of the datasets has been slow, as suggested by researchers [79]. In
addition, the contributions of the standard datasets have been massive, especially in stirring more
interest in developing more advanced learning algorithms over the years. Furthermore, these datasets
have provided robust techniques to detect and recognise objects, describe scenes alongside scene

attributes.

However, it is also worth stating that these datasets consist of different data formats, including images,
videos, texts, tabular forms etc. and have been used in traditional machine learning research. However,
most of these datasets have been extensively used in deep learning applications from digit recognition,
face recognition, gesture recognition, video classification, text characterisation and many other
applications, with no dataset specific to the remanufacturing. This crucial observation provides another
gap that the current research addresses by providing computer vision data for modelling

remanufacturing processes, especially for sorting components of the torque converter system.
2.8.1 Limitations of Existing Dataset

The existing dataset for research in machine learning applications has recently been criticised for biases
attributed to the makeup of the datasets, with other fields like remanufacturing not having field-specific
datasets for deep learning research. However, these biases tend to cause the Al models to produce
undesired results. To remedy these biases, IBM recently released a new dataset for face recognition
research called the Diversity in Faces (DiF) dataset, containing one million human facial images [80].

This dataset aims to correct the biases in the current face recognition algorithms.

However, other research fields with similar biases in the current datasets or no datasets require
improved, more balanced datasets to complement the performance of these state-of-the-art algorithms.
The industry collaboration provides remanufacturing specific industry data for deep learning
applications. The respective data for modelling the torque converter systems provide new data for

inspecting and sorting torque converter components and units during remanufacturing.
2.8.2 Remanufacturing Data for Deep Learning Research

The remanufacturing dataset created by this research is described. The data collection process outlined
in Section 2.7 details the data recording methods. The created dataset becomes the first public
remanufacturing computer vision dataset of torque converter components and units for
remanufacturing. Datasets generally have been highlighted as an integral part of object recognition

research and the main reason for measuring techniques for comparing and evaluating the performances
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of algorithms over the years. Perhaps, datasets have also been identified as the main limiting factor that
has constrained the focus of general learning-based research since the performance benchmark number

has been used for evaluating successes [81].

Nonetheless, there is no dataset specific to the remanufacturing sector, which is a significant barrier to
advancing the application of learning models in remanufacturing. Therefore, the research contributes
the torque converter component dataset, consisting of 71560 image samples. This dataset will attract
more researchers to investigate other applications of learning models to other remanufacturing sectors
and processes. The summary of the recorded data used in the research investigation is presented in
Table 2.1, showing the applications, data type, number of classes, the number of images, and the

number of images per class used in the training and evaluation of the models.

Process Data type Number of Number of Number of
classes Images images per class
Sorting Images 20 71560 3578
Inspection | Images 8 28800 3600
Inspection Il Images 8 28624 3578
Process control Images 2 14312 7156

2.8.3 Dataset Naming Convention

The naming convention adapted for the collected data includes the actual component's name and a
suffix of numbers denoting the unique sample in the collection. For example, the inspection | and
inspection 1l cases had eight classes of sample images named as follows: Dry samples (DS1), (DS2),
(DS3), (DS4), (DS5), and wet samples (Wetl), (Wet2), and (Wet3). Furthermore, the second eight
samples considered for the surface inspection application were: no defect (Nodef), crack fault (CF),
pitting fault (PF), rust fault (RF), pitting and crack (PnC), rust and crack (RnC), rust and pitting (RnP),
alongside pitting rust and crack (PnRnC) defects. Besides, the sorting process had twenty (20) classes
of sample input images named as follows; Damperl, Damperl, Damper3, Housingl, Housing2,
Housing3, Impellerl, Impeller2, Impeller3, PressurePT1, PressurePT2, Remanl, Reman2, Reman3,
Statorl, Stator2, Stator3, Turbinel, Turbine2, and Turbine3. Furthermore, the process control case had
two (2) classes of sample input images named wet and dry with an additional three-number suffix. The

samples had 7156 images in each object class used in the process control experiment.

Finally, these samples will be made available to support future research on applying deep learning
models in remanufacturing, thereby providing the first remanufacturing-specific dataset for modelling
deep learning-based inspection and process control applications. These primary data were explored to
achieve the experimental aims of the research by interpreting and predicting the contents of the

collected image samples using computational models. Furthermore, this research adopts the non-
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probability sampling method, allowing for proper inference from the research data, ensuring an in-depth
understanding and knowledge of the specific contexts used as test cases, and restricting generalisation

on similar cases.

2.9 Chapter Summary

This chapter describes the research design method and research philosophy. It further outlines the
rationale for selecting the sequential mixed method research approach alongside a description of the
data collection approach limitations of existing data. Finally, it discusses the datasets used in the
research. It also outlines the research domain, the researcher's involvement, and vital research

considerations to achieve valid and reliable research outcomes.
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CHAPTER THREE
LITERATURE REVIEW

3.0 Introduction

Chapter three provides the research literature review that first introduces remanufacturing, automation,
benefits and challenges. It also introduced deep learning modelling, the generic learning models and
their respective remanufacturing applications alongside the opportunities in remanufacturing. It also
outlined the different deep learning modelling parameters to address the research question (Q3) on
understanding and improving deep learning algorithms, including the architectures of deep neural
networks (DNN) used for modelling various applications and their makeup. Hence, the application of
these models is reviewed from remanufacturing perspective to understand the state of research in

DCNN (Q1). The literature review conception approach of this research is outlined in Figure 3..

Overview of remanufacturing and
benefits

v
Introduce automation and
challenges in remanufacturing

A 4

Technologies as solution
approaches

v

Learning models

Deep learning architectures, convolutional neural networks, evolution,
components including pooling, activation, losses, optimisation, evaluation
metrics etc and applications of deep learning models

y v \ 4
Identify vital processes Assess the suitability Review existing
for modelling of modelling using »| practices and limitations
deep learning

3.1 Overview of Remanufacturing

Remanufacturing is an essential means of achieving sustainability in material, energy use and
environmental protection[61] by restoring used products to as good as new quality, using only about
90% less material and one-sixth of the energy used for manufacturing equivalent new products [82].
Besides, It is a valuable strategy for continuing product usage that the manufacturers are no longer

producing, supplies spare parts and manages warranty returns by industry operators [83], [84].
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Remanufacturing has been described as an end-of-life activity to restore used products to "as new"
condition with matching or more extended warranty. Remanufacturing has become a viable solution to

increasing products' availability [85].

3.2 Benefits of Remanufacturing

Remanufacturing is an end-of-life strategy tha]t provides numerous benefits, depending on the
stakeholder in reference. These benefits are obtainable from different perspectives: the remanufacturer,
customer and environmental benefits. The remanufacturers' gains include that It creates highly skilled
jobs, improves profit margins, provides new manufacturing techniques, and creates a platform for better
customer relationships through better trade-in opportunities [86], [87] and enhanced economic activities
[88].

Nevertheless, environmental benefits arise from introducing the element of compliance with directives
and regulations within territories. These have successfully increased the target level of recycling and
reuse up to 95% as of 2015 [6]. Remanufacturing also maximises the added value throughout a given
product's life cycle. It provides a platform to decrease the number of materials sent to landfills by
reducing product waste, energy and material consumption, and carbon emissions into the environment
through industrial activities[60], [86]. Specifically, remanufacturing reduces the number of raw
materials consumed and energy used in the production process to about 10% to 15% of new materials

and energy used for a typical remanufacturing activity[61].

Besides, remanufacturing customer benefits include providing superior quality products with good
reliability compared to other product recovery techniques. The individual products are disassembled,
assessed and restored independently or even replaced if the product cannot replicate original
performance specifications[89], [90]. Furthermore, it enhances product availability, guarantees lower
product prices, and provides flexibility in purchasing options when needed. It provides about 20% to
80% cost savings alternatives[87], [90] and serves as a source of spare parts highlighted from previous
research[10]. It also offers economic benefits as the products are sold, on average, for much less than

the price of equivalent new ones.

Despite these benefits provided by remanufacturing, other researchers have outlined that
remanufacturing operations may not offer the vast gains anticipated. The expensive labour cost of
remanufacturing since the procedures are human-intensive, the energy consumption and the carbon
footprint to remanufacture a product have significant impacts [6], [91]. These authors suggest that
emissions from transporting the products for remanufacturing and the effect of the chemicals used to
clean products during remanufacturing are significant to ignore. Moreover, it is worth highlighting that
not all remanufacturing operations use chemical cleaning techniques, which downplays the
environmental pollution concerns. Furthermore, the supply chain concerns about transporting these

products are case-specific as some remanufacturing facilities are located within the collection points,

33



minimising the carbon footprint and enhancing the energy recovered from the process. Also, the
considerable labour cost of remanufacturing has witnessed business owners sending most labour-
intensive tasks to regions with lower wages. For example, Bosch performs her labour-intensive jobs in
Ukraine and Slovakia while performing automation-intensive remanufacturing in Germany [6]. These
downplayed issues highlight the need for further research to find new and novel approaches to enhance

remanufacturing operations using emerging technologies like deep learning.

Nonetheless, the reverse logistics and the remanufacturing process pose severe challenges due to the
lack of product information [92], the difficulty in disassembling the products, the indefinite quantity of
returned products [93], the complex nature of the cleaning process [10], complicated nature of the
remanufacturing process, uncertainty in ascertaining the condition of returned products [82], [94],
challenges in reassembling the products and testing the products to verify that the quality meets the "as
new" condition to mention a few. These and many other factors contribute to the challenges that must

be addressed to enhance productivity in remanufacturing.

3.3 Remanufacturing Automation

Automation refers to using computer-aided systems and hardware such as sensors and programmable
controllers to automate processes, reducing the dependence on human operators. To attain fully
automated remanufacturing, systems should be adaptive to adjust to various product variations and
conditions [95]. Furthermore, these systems sometimes allow collaborative work between humans and
robots to interact, and the interaction has been defined as an interdisciplinary field of research. For
example, robots can be deployed through collaboration and practical risk evaluation to perform
hazardous operations while humans perform other cognitive and more flexible operations [96]. Besides,
recent research has witnessed the automation of car remanufacturing case study using the human-robot

collaboration where the sealant of an assembly was successfully performed using the cobots [97].

However, researchers have outlined vital challenges for practitioners in remanufacturing to achieve
enhanced performance. These include the inconsistency of the quality of the remanufactured products
and the labour-intensive nature of the remanufacturing process [98]. However, the systems' inputs are
vital to address these challenges. Noteworthy are the two vital inputs to the production system,
including the materials and labour, and these have been identified as the primary sources of poor
performance [99]. Material productivity refers to using newer concepts, including material substitution
techniques, to reduce components' input materials and weight, thereby improving performance and

technologies.

In contrast, labour productivity entails using technologies, automation systems, and management
methods across the production line to enhance throughput. Researchers outline that the manufacturing
productivity sector has improved by more than three hundred percent in the past five decades due to

improved labour productivity [99]. However, despite the outlined successes of these productivity
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initiatives, remanufacturing still lags in developing and adopting similar performance enhancement

strategies, most notably the labour productivity techniques.

Conversely, the sources of inputs to the production system are vital control points to enhance
performance. Recent research has focussed on techniques for enhancing material selection and usage
during remanufacturing, including additive remanufacturing, also known as 3D printing [98]. At the
same time, labour improvement is obtainable through different sustainable production approaches,
including the use of active disassembly [100], procurement digitisation [101], pre-process inspection
[102], automated inspection [103], electrochemical honing for the removal of hard mechanical alloys
[104], cyber-physical systems [98], collaborative robots [105], and other technologies embedded in the
Industry 4.0 framework. However, despite the technologies and processes specific activities to enhance
performance, researchers outline that remanufacturing still suffers from poor automation due to a low-
skilled workforce, lack of willingness to invest in automated systems, and lack of adequate tools and

technologies, among others [6]. These challenges are broadly discussed as follows.

3.3.1 Challenges in Remanufacturing

The remanufacturing processes currently face crucial challenges that impede their overall throughput.
These challenges have been discussed in detail in various remanufacturing literature. However,
researchers classified the remanufacturing challenges into three categories: collections, often referred to
as reverse logistics, remanufacturing process, and redistribution stages, differentiating the stages where
these challenges appear in the overall cycle [106]. Perhaps, as there are no clear boundaries between
these remanufacturing stages in practice, some of the difficulties in one step affect the subsequent

stages.

3.3.1.1 Collections

The core acquisition and management constitute the first challenge that remanufacturing businesses
have to deal with at the very beginning of the process. The primary core acquisition methods include
volunteer-based returns and buy-back returns [107], ownership-based, service contract-based (leasing),
deposit-based, credit-based (trade-in) and direct orders methods [108]. Some remanufacturers use these
acquisition techniques independently and together to achieve the most profitable product collection.
Nevertheless, the remanufacturing core management focuses on how products are managed, with the

most critical decisions in procuring cores being the time, quality and quantity of cores.

Furthermore, another difficulty of core management is the complicated nature of reverse logistics as
various groups are involved, including the OEMs, workshops, private suppliers, recycling, and disposal
companies. Also, the challenges posed by the enormous logistics of the direct core supply by consumers

and the scarcity of product life-cycle data helpful for predicting the remaining useful life [109].
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Besides, inventory management is another critical challenge of the collections stage that
remanufacturers have to manage. It involves predicting the supply and demand needs of the products
alongside providing the balance for capital investment for products while keeping the stocks at an
acceptable minimum to maximise profit. Research suggests that the available supplies must meet the
short-term repairs needs of the remanufacturing process, and inventory management provides various
methods of managing inventories, including make-to-order (MTO), make-to-stock (MTS), assembly-to-
order (ATO), and the pull principle [89], [110]. However, the above inventory management techniques
faced similar challenges of reducing or increasing stocks, causing avoidable costs for storage and
disposal in the industry [111]. Perhaps researchers suggest that most remanufacturers have adopted
mixed business models to reduce product demand and supply uncertainties, especially the MTO model
[89]. Besides, research outlines that only one in three remanufacturers currently include prognosis in
their inventory management [89], creating the need to develop more robust techniques to enhance

remanufacturing efficiency, which is vital for production planning and control.
3.3.1.2 Remanufacturing Process

The remanufacturing processes constitute the most contributory factors to poor productivity in
remanufacturing. These processes involve all the product remanufacture stages, including inspection,
cleaning, sorting, disassembly, reconditioning, reassembly, testing, and storage. In addition, these
processes have different inherent challenges that make the remanufacturing process difficult, including
the small batch sizes of operations, vast product diversity, complicated production planning and
disassembly, low degree of automation of processes, stochastic routing, and products not designed for

remanufacturing, among others [89], [110].

Conversely, another area of challenge in remanufacturing is resource planning which includes activities
to manage labour, raw materials and parts supply [107]. Besides, research also suggests that
remanufacturers have managed the vast product varieties through different approaches, including the
use of customised material requirement planning (MRP), theory of constraints (TOC) such as drum-
buffer rope and classic inventory control methods, including economic reorder levels and reorder points
and finally the Just-In-Time methods like the Kanban systems [89]. Furthermore, the disassembly
process also introduces some complexities in the remanufacturing process. It directly impacts the
production plans, material and resource plans, scheduling and shop floor controls and requires a

reasonably high degree of coordination to improve productivity [89].

Perhaps, the most critical concern in the remanufacturing process is the complicated processes involved
in the remanufacturing of EoL products, which are too broad to discuss independently. In addition,
these concerns draw attention to the possibilities of incorporating new technologies to improve process

automation in remanufacturing, focusing on the sub-processing to enhance efficiency and productivity.
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3.3.1.3 Redistribution

The challenges of the remanufactured product redistribution are also an important consideration to
achieve optimal productivity. These challenges arise from the uncertain demands for remanufactured
products caused by crucial factors of the perceived differences between remanufactured and new
products and the young state of the remanufacturing market in general [110]. These factors are also
vital to maximising productivity as adequate efforts to provide storage facilities for remanufactured
products that are not immediately dispatched are essential to enhance smooth operations alongside

forecasting the size of the storage facility required.

Perhaps, the investigation of remanufacturing practitioners' challenges cannot be exhausted in single
research; however, some of these challenges could be addressed using learning algorithms. Following
the successes of the outlined prevalence of machine learning and digital automation in the
manufacturing industry [112], remanufacturing can benefit from replicating compatible applications.
However, as the remanufacturing processes are more complicated than the manufacturing processes,
developing similar or new methods and technologies for automating remanufacturing processes is
necessary to achieve holistic automation since the existing technologies in the manufacturing sector
cannot work in the remanufacturing without adequate modifications. Therefore, exploring these new
methods and technologies for improving remanufacturing is critical to addressing the technology gaps,
alongside implementing and adopting the developed technologies. The investigation, design and
implementation of these digital automation strategies in the remanufacturing industrial context supports
the research on developing and deploying deep learning models, especially the convolutional neural
networks in various remanufacturing applications. This context is informed by the excellent results of
the deep convolutional neural network models, which have surpassed human-level accuracy in

recognition tasks [33].

3.4 Learning Models and Technologies as Solutions

The learning models and technologies represent one of the solution methods for addressing crucial
remanufacturing challenges. These approaches present vital opportunities for learning algorithms to be
incorporated in systems design for remanufacturing process improvement, thereby enhancing
productivity. These technologies will address specific productivity concerns and provide significant
benefits, including insightful and data-driven decisions using product life cycle data, improving the
efficiency and quality of remanufactured products. These digital technologies have played essential
roles in the industrial landscape in the last decade and will continue to dominate even in the nearest
future. The beneficial roles of these technologies have been outlined for the manufacturing industry,
especially for digital automation, where researchers have highlighted that it is currently the general
automation approach alongside machine learning models [112]. Besides, these technologies provide

cheaper options for achieving process automation, enhancing overall efficiency when deployed.
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Moreover, deep learning is a subfield of artificial intelligence (Al), an emerging technology that has
witnessed tremendous applications across different industries, transforming the predictive capacity of
learning models. Al refers to the simulation of intelligent behaviours by perceiving the environment,
understanding the behaviours and responding to the perceived behaviours [68]. The Al models adapt
artificial neural networks, machine learning, deep learning, reinforcement learning, and other
technologies to learn the underlying patterns in data. The learning models research has advanced to
address the challenges of early adoption of machine learning which includes processing raw data and
automatically providing model features without manual inputs[28], [113], resulting in high-performance
models with low resource and time investment [112]. These improvements reflect the current design
methods that involve creating a model, preparing the data, training, evaluation, and deployment. The
respective components of the pipeline consist of a set of codes that perform the specific task in the
pipeline representing the typical deep learning modelling approach. These advances have inspired
countless improvements across industries and encouraged more developments of new methods of

improving processes and workflows.

3.5 General Learning Approaches

Learning models are mathematical algorithms that represent the relationship between different parts of
a given data. These models map certain variables in the data to specific targets or responses. The
learning models have adopted various approaches to achieve pattern learning. The general objective of
these algorithms is to obtain a function that minimises some loss over specific data. These approaches
are usually categorised based on the type of data features available to the learning algorithm. For
example, the rule-based system uses hand-crafted features to obtain its corresponding output. The
traditional learning approach uses similar hand-crafted feature designs to map features from input to
output. Other techniques include representation learning, which uses mapped features to obtain the
corresponding outputs. In contrast, the deep learning approach learns simple features from inputs and

more complex features from the hidden layers, mapped together to get the output.

Nevertheless, the main difference between the traditional and other learning techniques to deep learning
focuses on the feature extraction techniques. Most early design approaches were implemented
successfully to classify images using hand-crafted features. However, these design approaches are
inherently time-consuming and require immense domain knowledge and careful engineering of features
[28]. A comparison of these learning paradigms is shown in Table , which outlines that the DL
approaches use a layered learning structure where simpler features are learned by the initial layers, with
the more complex features learned by the multiple hidden layers before feature mapping to obtain the

output representation of the inputs.
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Approach Learning Steps
Deep Learning Simple features Complex Mapping from Output
features features
Representation Features Mapping from Output
learning Inputs features
Traditional Hand-designed Mapping from Output
machine features features
learning
Rule-based Hand-designed Output
learning features

3.6 Learning Models in Remanufacturing

The application of learning models in remanufacturing is not a new trend in remanufacturing research;
however, deeper architectures are emerging as researchers investigate the more recent architectural
advancements across different application areas. The deep architectures and other enabling emerging
technologies, most importantly big data, overlap in actual implementation, suggesting that the learning-
based models have other enabling technologies that support their deployment. Moreover, the
remanufacturing sector has several challenges that require novel technologies to address across various
remanufacturing stages, including core management, inventory management, product life cycle
management, disassembly, process sequencing, material matching, and lean remanufacturing, among
others [111]. The role of these learning algorithms in remanufacturing applications is presented to
enhance inventory management, capacity planning, production planning, scheduling, forecasting, and

many other benefits [8].

3.6.1 Operations Management

Learning algorithms have found various applications in remanufacturing operations management,
including optimising reverse logistics, reliability and quality assurance [112] and redistribution. The
reverse logistics involve managing returned products to capture value through remanufacturing,
recycling, reuse and proper disposal [114]. Reverse logistics is mainly concerned with planning and
forecasting product return quantities, probability and quality of product returns. It has witnessed the use
of various artificial neural networks and neuro-fuzzy models [115], adaptive network fuzzy inference
systems [116], Fuzzy Petri Net [117], and Fussy expert systems [118] to forecast product returns in
remanufacturing. This modelling process enhances the planning of the product returns and collection
processes. In addition, researchers also explored simulation models based on ordinal optimisation of
remanufacturing process planning using machine learning methods [119], with the learning algorithms
showing huge potentials in optimising reverse logistics however, the capabilities of these technologies

is still an active research.

Another application of learning models in remanufacturing is inventory management. An adequately

designed inventory system that meets the stock demand and supply improves overall productivity and
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throughput. The application accounts for the use of deep belief networks (DBN) to experimentally
determine the feasibility of estimating the remaining useful life of the equipment. The authors
successfully predicted the optimal remanufacturing time of mechanical transmission equipment [42],
with the trained DBN model producing a prediction error of 27%. Despite the poor results, the
application has enormous potential with advances in developing these computational models.
Furthermore, another inventory management application of learning algorithms is the reinforcement
learning (RL) approach in the planning and predicting the optimal strategy of maintaining service levels
and switching between sources of materials during remanufacturing when core inventory is running low
[120].

Nevertheless, using the computational models that focus on realising closed-loop product life cycles by
enabling remanufacturing, reuse and customisation according to the customer needs is another excellent
application of learning models. These models include customer specifications at an early stage in the
value chain to meet the individual customer specifications and create the opportunity for product
customisation [121]. Hence, this allows the remanufactured products to have new functionality and

meet the original specifications.
3.6.2 Forecasting

Forecasting is another significant application of learning algorithms that plays a vital role in various
remanufacturing aspects, including economic risk management, policymaking, and decision-making.
Researchers have outlined two forecasting categories, casual and time series forecasts, which provide
different benefits [122]. Time series forecasting is the dominant method due to the convenience of data
collection, stability and high accuracy. At the same time, the authors identified causal forecasts as

having inherent limitations due to the availability and reliability of independent variables.

Besides, some remanufacturing literature on learning algorithms has focused mainly on time series
forecasting, which can benefit product returns and cost predictions, with the cost prediction model using
semi-supervised learning, least-square support vectors regression algorithms considering failure
characteristics, and the K-nearest neighbour algorithms to enhance forecast precision, being
investigated [123]. Moreover, these learning models have also been helpful in the modelling and
simulation of tyre remanufacturing for estimating product profit break-even points for different retreads
[124]. The forecasting application is another area with massive potential for improving remanufacturing

productivity and efficiency.

3.6.3 Factory Improvement

Factory improvement is another area that learning algorithms can enhance by using their vast capacity
to model complicated processes, thereby improving them [112]. It involves creating additional
functionalities to equipment to extend their use, with retrofitting being the essential use, where more

functionalities are added to the products beyond the original state when manufactured [121]. It provides
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a cost-effective way of upgrading existing equipment with actuators and sensor systems, supporting
sustainable remanufacturing. The learning models have been helpful for a decentralised identification
system for components using mobile applications to enhance responsive on-site identification of parts

based on their mobile photo [125], thereby strengthening the sorting process of products on return.

Furthermore, these models have also been helpful in the recent development of smart factories, where
the data-driven simulation of the WEEE remanufacturing process for material flow behaviour during
remanufacturing is modelled and simulated using data from the intelligent factory-like connected sensor
systems to highlight the information requirements and service layers to collect process data [25]. The
factory improvement represents another area where learning models can significantly improve,

especially in mining data from connected sensor systems.
3.6.4 Decision-Making and Support Systems

Decision-making and support systems rank among the first tasks performed to achieve remanufacturing,
starting from reverse logistics, identification, sorting, and other remanufacturing processes.
Remanufacturing decision-making is another vital application area where learning models find a
considerable advantage due to the industry's ever-increasing product and process data [112]. Deep
learning can leverage these massive product data to provide the information that can improve products
and processes by extracting data, logging, processing, and retrieval, thereby generating meaningful
insight necessary to provide highly efficient and reliable results. Nevertheless, data-driven decisions
highlight the benefits of using the overall product or process data in decision-making. It involves using
learning models to access large quantities of data and making more informed decisions about the
process from its data. It is essential to highlight that researchers have recently suggested that data-

driven decisions and demand prediction systems are getting attention in remanufacturing [26], [34].

Furthermore, another application of learning models in remanufacturing decision-making is using
reinforcement learning methods to evaluate the feasibility of remanufacturing using the rough set
approach to establish the relationship between a remanufacturing plan and its feasibility. The RL
algorithms helped enhance confidence in feasibility analysis to determine whether to remanufacture a

product and the resource needed, thereby aiding resource planning [126].

Recently, remanufacturing decision-making has witnessed the integration of data and knowledge
systems among the effective methods of enhancing remanufacturing decisions. For example, the data-
driven product return forecast has seen the use of shallow multi-layer perceptron (MLP) and support
vector machines (SVM) algorithms to model the consumer storage behaviour statistically for electronic
wastes [127]. Furthermore, data mining and ML techniques have helped predict customer demand for
remanufactured products in the electronics remanufacturing industry, proving to be another application
of learning algorithms, with the effects of demand analysed using partial dependence plots [128]. In

addition, the multidimensional, deep neural networks have helped predict the technological life of
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electrical and mechanical products, thereby estimating the rate of technological degradation and
informing the decision for developing higher technology products to extend their technological life
[129]. This application adopted an ensemble model incorporating a convolutional neural network and

long short-term memory model designs to predict degradation rate.

Furthermore, researchers have recently investigated the benefits of using data mining techniques to
enhance reverse logistics decision-making using computer vision, text mining, and ML concepts to plan
the remanufacturing process [130]. Although the results look promising for optimising reverse logistics,

they outlined that the work is still in progress.

However, using learning models in decision-making is one of the most critical applications to enhance
remanufacturing. Therefore, the availability of tools to improve decision-making is vital to optimising

remanufacturing.
3.6.5 Remanufacturing Processes and Process Planning

Process planning is a crucial aspect of remanufacturing that helps manage remanufacturing activities
and significantly enhances process efficiency and automation [131]. Remanufacturing, in general, has
various uncertainties associated with the processes, primarily due to the complex nature of the
techniques. Therefore, process planning is another area where learning models find application across
the multiple remanufacturing stages, including identification, sorting, disassembly, inspection, cleaning,
reconditioning, and testing [112]. First, the disassembly stage is one of the most complicated stages in
remanufacturing because of its manual and labour-intensive activities, and it remains an active research
area to date. Researchers identified the ease of disassembly as a crucial factor in achieving
remanufacturing automation alongside being disassembly-friendly, making the design for disassembly
an essential consideration during the product design [132] to enhance remanufacturing. However, the

remanufacturing processes have a minimal application of learning algorithms.

Conversely, remanufacturing has already benefitted from these algorithms in modelling scheduling
problems where various algorithms, including the discrete Bees and the multi-objective harmony search
algorithms, have been used to simulate scheduling optimisation problems and optimal disassembly
sequence [13], [14], [133]. These applications help to generate an optimal disassembly sequence that
streamlines the disassembly process, thereby enhancing efficiency. Furthermore, the learning models
are helpful in scheduling optimisation, including the repair, maintenance and overhauling of products
[134] using the ant colony, a swarm intelligent algorithm based on probabilistic techniques and in the
constrained ordinal optimisation of the remanufacturing planning for estimating the feasibility plans
thereby selecting the most effective plan(s) with high probability [119].

Nevertheless, researchers have also explored the reinforcement learning (RL) approach to model
uncertainty and management in optimal disassembly process planning using the Petri-net modelling

approach [135]. However, the model was limited to being dedicated to a particular product type in the
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remanufacturing facility, restricting its usage. Furthermore, learning models have also witnessed
practical application in disassembly sequence generation, where a CNN model and disassembly rules
helped achieve disassembly sequences [136]. Overall, these learning models help plan and schedule

remanufacturing activities, effectively improving process efficiency.
3.6.6 Remanufacturing Technologies

The learning models have found tremendous applications across various stages of remanufacturing, and
some of the use cases are outlined. The learning models have found application in the design of the
remanufacturing inspection technology, where researchers investigate the use of the machine learning
approach and Gaussian mixture probabilistic models for automating the detection of corrosion in
components [137]. Furthermore, these models have also been helpful in the design of the vision
inspection system for remanufacturing [103]. Also, these models have been used to simulate the direct
energy deposition of titanium alloys in additive remanufacturing and manufacture, where the Taguchi
experimental setup was used to obtain training and test examples for the artificial neural network
(ANN) [138]. The method successfully determined the grain growth behaviour during the fabrication

process, thereby enhancing the reliability of reconditioned components of a product.

Furthermore, the application of learning algorithms, including the deep and recurrent neural networks,
has improved the prediction of thermal field distribution from laser scanning, improving the
understanding of the residual stress and distortion distribution in laser-aided additive manufacturing,

and adding new materials to a product during reconditioning [139].

3.7 Opportunities for Deep Learning

The remanufacturing application of most of the learning algorithms is composed of shallow
architectures used for extracting features for training the learning algorithms. However, the capacity of
these shallow architectures in modelling complicated processes is limited, thereby drawing further
attention to the investigation of the deeper architectures for remanufacturing applications. This is
evidenced by the scarcity of research publications on deep architectures, often described as deep

learning in literature.

The deep learning applications in remanufacturing remain an active research area, primarily to manage
the complexities inherent in remanufacturing systems and to explore the complete automation of
remanufacturing processes that have not been achieved [34]. These algorithms have been incorporated
in remanufacturing process planning; however, improvements can be obtained by fully exploring the

emerging technologies' scope, including data mining, big data, and optical character recognition.

Besides, Al technologies, especially DL, can also help remanufacture data compression, improving the
storage capacity of data management systems. It is another area focusing primarily on techniques to
manage and store the product's MoL data, which significantly lags behind other research areas

compared to the different sectors. Data compression has recently become a research focus for
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researchers investigating methods of incorporating general machine-learning models in
remanufacturing [130]. In addition, with further research to maximise the storage of MoL data,
practitioners can develop and deploy models to make predictive decisions from the product usage data
to optimise usage by extracting and utilising product information using data mining methods and deep

learning models.

These product usage data can also enhance pre-disassembly assessment and inspection of products with
the learning models aiding effective decision-making on the products to accept for remanufacturing

alongside their remaining useful life, thereby determining the probable cost of the returned products.
3.7.1 Operations Management

The opportunity of learning algorithms in operations management, including improving the
redistribution network to enhance productivity, is another optimistic area; however, there must be
available data for the redistribution processes to stand a chance of achieving good insight using learning
models. Furthermore, the learning algorithms, alongside other enabling technologies like distributed
ledger technology (DLT) and IoT technologies, can improve reverse logistics, especially with smart
contracts, which guarantee transparent, secure and tamper-proof systems to monitor and manage the
product return process [140]. Furthermore, this approach can enhance the recovery of products through
incentives to customers who return their products by providing adequate product tracking, real-time
assessment of product health, cost-saving for remanufacturers from buying products without economic
value, and maximising storage facility. However, these have not been fully explored for

remanufacturing and represent a future research direction for reverse remanufacturing logistics.

3.7.2 Forecasting

Forecasting is one of the most practical applications of learning models across their application
domains. These models have found use cases in developing and deploying predictive systems in the
industry. The emerging trend in deploying predictive algorithms in remanufacturing has witnessed
learning algorithms useful for planning and forecasting purposes, thereby improving decision-making
and management of remanufacturing operations. Forecasting is another area that has seen more
applications as researchers understand these models, guaranteeing core availability through excellent
core return forecast and enhancing overall process efficiency. However, remanufacturing applications

of these models are broad and cut across many trends that have not been fully explored.

The specific applications that can benefit from the predictive capability of these learning models
include the product identification, analysis and forecasting of the middle of life and product data,
alongside the other process-specific data where predictive models can play a significant role in
improving the overall productivity. The models can also be helpful in prognostics where
remanufactured product health can be monitored in real-time, thereby helping to track the product's life

cycle. Furthermore, another area where learning models have not been fully explored in
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remanufacturing is the prediction of the remanufactured product demand and supply factors of the

market. However, further exploration of the collections and returns data is also essential.

3.7.3 Factory Improvement

Factory improvement is another area where the learning algorithms can benefit remanufacturing,
especially in the remanufacturing shop floor design. It is an application area where the potential of
emerging deep learning technologies, alongside other enabling technologies, including 10T, big data,
and data mining, can gather product information, process, and store data. However, these technologies
effectively extract useful information from the stored product and process information. In contrast,
simulation technologies and CPS can provide prototype processes for evaluating, optimising, and
developing reconfigurable remanufacturing, thereby enhancing productivity. Furthermore, these
algorithms and technologies for modelling the remanufacturing shop floor activities can also benefit the
factory operations through robotic disassembly sequence planning, improving throughput [13], [141],

and other remanufacturing stages.
3.7.4 Decision-Making and Support Systems

Decision-making is one of the most practical applications of learning models in remanufacturing. It has
witnessed numerous applications involving data-driven decisions based on these algorithms; however,
there is no current research on improving remanufacturing data management and storage, which can
preserve the product data for future data-driven decisions. Furthermore, these algorithms can play
significant roles in enhancing the forecast of uncertainties in demand, supply, and quality of products,
and estimates on inventory with appropriate data for modelling, thereby providing potential
improvements for remanufacturing. The learning algorithms, alongside other enabling technologies,
including CPS, big data, and loT technologies, are helpful in developing a data-driven system for
scheduling and inventory of real-time manufacturing processes, thereby providing adequate decision-
making at every stage during remanufacturing [142]. Another opportunity for the learning algorithms to

enhance productivity in remanufacturing is improving prognosis, especially in inventory management.

These represent vital areas of future research endeavours in remanufacturing that have not been fully

explored and represent an area of future research.

3.7.5 Remanufacturing Technologies

The opportunities for learning models in developing new technologies are enormous, and it represents
one of the most active research areas for learning models in recent times. However, the use of these
models across the various stages of remanufacturing has not been fully explored yet; more recent
investigations have witnessed the use of learning models in inspection, sorting, and process control
[41], [103], [137], [143].

Nonetheless, developing innovative technologies for product identification is one of the essential

technologies required in remanufacturing. These technologies will enhance the evaluation of products
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on return, alongside sorting products for remanufacturing. The learning algorithms and other enabling
technologies that can improve product identification include RFIDs, 10T, ICT and wireless
communication. Besides, there are several opportunities to strengthen remanufacturing using deep
learning and other technologies, including 10T and CPS, to automate the processes to remotely monitor
critical indicators, especially during identification, disassembly, cleaning, and reconditioning to assure
quality [144].

Furthermore, another area where deep learning models can potentially enhance remanufacturing is
automated robotic applications and machine tools, which are effective methods to flexibly adapt to
changes in the products and processes during remanufacturing. Also, comparing the stages of
remanufacturing, the use of deep learning and other Al technologies in the development of cleaning
solutions, and testing reconditioned units for remanufacturing is another future research area as more

investigation is needed to develop model solutions for testing and cleaning.

However, regardless of these opportunities offered by the learning algorithms, the potential application
of remanufacturing is usually determined by the availability of data on the specific applications.
Therefore, the areas of application where data could be obtained for training these deep learning models

are vital in developing and deploying deep learning-based systems in remanufacturing.

3.8 Suitability of Deep Learning Models

The suitability of learning algorithms to model remanufacturing processes was a crucial consideration
since remanufacturing processes are complicated. However, researchers have outlined that a possible
approach to managing these complicated processes includes breaking down the complex processes into
smaller functional units and developing automation systems for the smaller units, which could be
cascaded together to achieve a fully automated system [145]. This approach is significant because if the
process cannot be broken into sub-processes, automating the process is unlikely, thereby hindering

productivity.

Nevertheless, deep learning is already defined in Section 1.3 as a new valuable technique for
identifying patterns in data using hierarchical layers and potentially benefiting various industries.
Furthermore, these models have recently attracted researchers' interest in the deep learning literature,
suggesting that there is minimal research extending the applications of these technologies to
remanufacturing compared to the manufacturing sectors. As the remanufacturing industry has not been

fully explored, the study focuses on extending these applications to remanufacturing.

Moreover, the other remanufacturing stages and processes require various automation methods,
including hardware and software automation. Specific processes, including disassembly and
reassembly, need mainly necessary hardware to achieve process automation, including mechanical
robots and other sensor systems [146]. However, different stages of remanufacturing, including

inspection, process control and sorting, among others, can benefit from the software automation
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methods, which require a sensor system to perceive the signal and the low-level algorithms that process

and provide the desired control [41].

Conversely, the learning model involves two vital components: algorithms and data. The algorithms are
a sequence of instructions that learn underlying patterns in data without requiring explicit instructions
[32]. It outlines how the models learn from data while the data is a collection of historical samples on a
given process. A typical example of these models is linear regression, which helps predict a function's

value based on a specific number of inputs. The linear regression model takes the form:

y = 91X1 + 92X2 + 93X3 + ...+ ann + ﬁ 31

Where the y is the output, X is the set of inputs, 8, to 6,, is a set of model parameters, and g is the bias
term. The model tries to learn the relationship between the inputs and output as the data is fed to the
model. The model obtains the appropriate values of the parameters 8, to 6,, using gradient descent
optimisation. The optimisation techniques will be discussed in detail in the subsequent sections. The
machine learning approach eliminates the need to explore model parameter values manually. Hence,
these obtained weight parameters are used for predicting new values of the output y based on the values
of the inputs X; to X,,. These models infer from training data some set of parameters 6 that models the
relationship between the target variable and some inputs. Mathematically, we can represent the model

as follows
P.(ylx; 0) 3.2

The model represents the probability of an output y given a vector of variables x, parameterised by 6.
The machine learning modelling approach eliminates complicated conditional statements in direct
programming, improving the model's overall performance. The taxonomy of the machine learning and
deep learning modelling shown in Figure 6 highlights the crucial similarities of these models since the
models work on similar types of data; however, the pre-processing stage and subsequent stages outline

the vital differences between these models.

The machine learning models use hand-crafted features extracted using specific feature detection
algorithms like the scale-invariant feature transform (SIFT) [147], speeded-up robust features (SURF)
[148], and the histogram of oriented gradient (HOG) [149], thereby making the performance of these
models depend on the experience of the designer of the feature extractor. Furthermore, the ML models
use feature selection algorithms like principal component analysis (PCA), decision trees (DC) and
support vector machines (SVM) etc., to learn the patterns in the data before inference [150]. In contrast,
deep learning uses multilayer architectures, including convolutional neural networks (CNN) and
recurrent neural networks (RNN), alongside the model hyperparameters, optimisers and loss functions

to learn the underlying features in the data before evaluation automatically.
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The working of the deep learning models differs considerably from the general traditional feature
extraction techniques that use filters and statistical properties of the image, like a histogram, to detect
features within a given image. The traditional recognition methods used either thresholding techniques,
edge detection, contour geometry, template matching, keypoint feature matching, semantic features
matching, scale-invariant feature transform, and histogram of oriented gradients techniques etc., to
identify interest points within images and use the features to recognise the objects within the images
using algorithms like SVMs [149].
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However, these techniques are time-consuming and suffer heavily from noise, and are primarily
computationally expensive to implement. Hence, the deep learning models offer a speed advantage
compared to the traditional learning approach, thus saving time to manually develop feature vectors that
describe the objects within a scene before performing the classification. Furthermore, these DL models
automatically learn these features without human interference. Therefore, automatic feature extraction
ranks among the most significant advantages of DL as the model selects the features that best represent

the available data, thereby improving inference results.

3.9 Deep Learning

Deep learning (DL) is a component of artificial intelligence research that uses hierarchical learning

concepts to understand patterns in data. It uses the neuron as the basic building block and combines the
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neurons in parallel sequences to form layers. The neural network architecture design consists of the
input, hidden, and output layers. The algorithm breaks down the input data into layers of abstraction,
with the behaviours defined by the magnitude of the weights and the connections of the individual
elements of the architecture. These weights are automatically modified during the training according to
some specified learning rules until the model performs the desired tasks satisfactorily. Deep learning
algorithms use an automatic feature extraction that differs from machine learning, which requires
carefully designed features. The automatic feature extraction methods are not new since there are
classic techniques of feature extraction, including singular value decomposition [151], principal
component analysis [152], and non-negative matrix factorisation [153]. Besides, in the basic form, these

algorithms obtain variables that are linear combinations of the old.

In contrast, deep learning algorithms learn non-linear combinations of variables, enabling more
complicated modelling capability. This sequence of layers is helpful for mapping higher-level feature
vectors from raw input images to the output layers [113]. The connections of a typical DNN

architecture are depicted in Figure 7, highlighting the complicated nature of the interactions between

neurons.
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The respective layers have several nodes connected to the previous layers, whose typical weights are
adjusted during training (learning process). The magnitude of the weight parameter determines the
changes in the strength of the signal to the specific connected neurons. Hence, the cascade of multiple
layers creates the 'deep' networks, which refer to multiple layers of neurons stacked together. These
features are learned when the micro-network strides over the presented input images to produce the
feature maps [28], [154].

Moreover, the combinations of neurons produce neural networks, representing real-valued
computations defined by some connected directed graphs [155]. The neural network nodes receive real
numbers on their incoming edges, compute a function of these real numbers, and transmit the results to
their outgoing edges. The root nodes perform their computations to the vector provided as inputs to the
network, while the internal nodes compute their output to the output of other nodes. Hence, different
nodes can add various functions to produce the desired outcomes. The distinctive characteristic of

neural networks is that they can compute multiple layers to deliver results by combining an arbitrary
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number of non-linear operations. The typical neural network model is depicted in Figure 8, showing the

inputs, weights, biases, activation function and outputs.
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These models' output is obtained as a linear combination of the weighted sum of the inputs and biases.
The vector product of the weights w and inputs x helps to get the model output; therefore, the inner

product of the input and weight vectors denoted as h is given by

wi
w2

h= [x1,x; = x,]. : 3.3
Wn

The output of the model is obtained using the vector dot product where the output y is

Y= Wi+ xoawy + x3wz +- + x,w, +b 34

The computation of the output of the model's respective layers is cascaded in multiple terms to obtain
the very-deep neural network model. The deep learning architectures provide a significant advantage
over the shallow architectures on complex learning tasks by stacking various linear and non-linear
processing units in a layer-wise approach, providing the ability to learn complicated representations at
multiple levels of abstraction. Hence, empirical research has proven mathematically that deep neural
networks have more representational power. Furthermore, the deeper architectures gain more
representation power by hierarchically composing shallow feature representations into deep model
representations [155]. Besides, the advances in deep convolution neural network architectures have
witnessed significant depth increments since the first architecture, LeNet, was used for digit recognition
[156]. The depth of the newer architectures has multiplied rapidly, with AlexNet [157], VGGNet [158],
GoogleNet [159], and ResNet [33] having eight, nineteen, twenty-two, and one hundred and two layers,
respectively, among other architectures.

Deep learning has witnessed significant applications with unprecedented success rates across different
domains, including image recognition, segmentation, video processing, object detection and natural
language processing [32]. These successes have been attributed to the considerable research interests
that have continued exploring the different approaches to enhance these models. These models allow

learning from high dimensional raw data to automatically discover the underlying pattern, which is
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applicable in almost all fields with large historical data. These data are typical of most industrial
processes, including remanufacturing processes. The ability of DNN to learn and generalise on unseen
data after training gives it the ability to be deployed in new fields with new datasets, thereby enhancing

the understanding of trends in the investigated data.

Conversely, the improved computational capability of newer hardware has aided the development and
rapid deployment of DL models, especially the graphics processing units (GPU). Furthermore, recent
advancements in image recognition have been attributed to the availability of large or big data and the
ever-increasing computing power of computers, especially the graphic computing units (GPU), thereby
facilitating the learning of very deep architectures. These advances led to the state-of-the-art results
obtained in the annual Olympics of computer vision, known as the very-large-scale image recognition
challenge (VLSRC) [160]. The GPUs are multi-processor graphics cards used widely in video games.
They excel in the fast matrix and vector multiplications required for neural network training, thereby
improving the learning speed by up to 50 or more [161]. In addition, GPUs have aided parallel
computing, enhancing data access and computation speed. Similarly, the software is another primary
driver of recent advances in deep learning. As a result, many newer toolboxes and models have been

developed with improved code and techniques for implementing deep learning models.

Nevertheless, despite the benefits of improved performance provided by the deep neural network
models, researchers suggest that even the smaller architectures can provide significant application
enhancement, including the need for less communication to servers during distributed training, the need
for smaller bandwidth to export models from the cloud and ease of deployment on field-programmable
gate arrays (FPGA) and other memory limited hardware [162]. These challenges continue to drive the

research on deep learning models to improve their architectural designs and model performances.
3.9.1 Brief History of Deep Learning Research

Acrtificial neural networks started in the 1940s after the first mathematical modelling of neurons[163].
The field attracted much more research interest until another remarkable breakthrough resulted in the
perceptron, which used a single neuron to perform classification tasks [164]. Furthermore, the authors
detailed the perceptron learning rule, which outlines how the perceptron works. However, a significant
limitation of the perceptron is that it could not learn the exclusive OR (XOR) logic function. Further
research continued, and the algorithm developments progressed until the back-propagation was
proposed [165]. Additional application of the perceptron concepts continued. The use of neural
networks for pattern recognition was first explored by Fukushima in 1980 when the self-organising
neural network model that could recognise patterns based on geometric shape similarity without being
affected by their positions was proposed [166]. This result, now known as the hierarchical multilayer
neural networks, increased research interest in using neural networks for pattern recognition and further

highlighted the huge potentials of neural networks.
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Nevertheless, the back-propagation algorithm was reinvented to facilitate the training of neural
networks[167]. The backpropagation algorithm provided the advantage of minimal preprocessing of the
data before using them for training neural networks[168]. The researchers implemented the hierarchical
architecture for object recognition and used backpropagation techniques to learn data representation.
This approach involves an iterative adjustment of the weights of the hidden neural units, thereby
minimising the difference measure between the actual and desired output vectors of a given network,
creating new features about the inputs, captured by the interactions as the weights, which are used
afterwards to learn a feature-based representation of objects by hidden layers [167]. These research
results suggested that the hierarchical architecture outperforms the existing techniques for object

recognition tasks.

However, the initial adoption of learning models were unsuccessful due to various challenges; limited
data, when to stop the training, overfitting, wrong non-linearity models, little attention to the network
initialisation parameters. These challenges contributed to the poor performance of these models,
limiting development until 2006, when some remarkable breakthroughs in deep learning research

manifested [28], [169], [170]. The field remains a very active research area in machine learning to date.

Conversely, the early machine learning techniques exploited shallow neural network architectures.
Single neurons were used for signal processing, thereby containing a single non-linear feature
transformation element with multiple inputs, where raw data conversion into problem-specific feature
space is performed. These shallow neural networks include support vector machines, logistic

regression, kernel regression, Gaussian mixture models, and hidden Markov models [171].

Besides, every instance found in any given dataset used by general learning algorithms is represented
using the same feature set. However, these features can appear in binary, categorical or continuous
forms [172]. The binary output produces one output from just two inputs. In contrast, the categorical
output produces more than one output class during prediction alongside the continuous outputs with

infinite numeric values.
3.9.2 Taxonomy of Deep Learning Methods

The general deep learning models use different learning approaches, including supervised,
unsupervised, semi-supervised, and reinforcement learning. Supervised learning is the most common
machine learning technique that uses labelled training examples to learn patterns in data and make
accurate predictions. Furthermore, unsupervised learning uses unlabelled training examples to find the
patterns in data. The architectures used in supervised models are mainly the convolutional and recurrent
neural networks, while the unsupervised learning algorithms include other restricted Boltzmann
machines, autoencoders, generative adversary networks (GAN), and some variants of RNN-based Long

Short Term Memory (LSTM) and the reinforcement learning techniques.
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Conversely, reinforcement learning techniques are models where the environment provides training
information to the learning system[28], [172]. These algorithms learn interactions with the environment
through actions, observations and rewards [173]. Besides, before selecting any actions by the agent
(software or hardware), it must understand and have a befitting representation of its environment; thus,
perception is a crucial problem that the agent must resolve before deciding on the optimal action to
take. However, human experts provide the features of the environment to the reinforcement learning
algorithms. Perhaps the features are learned automatically in some real-world applications to provide
more accurate feature extraction. The RL algorithms allow an agent to learn by trial and error until a
good understanding of the environment is achieved. The reinforcement learning technique is most often
referred to as semi-supervised learning in some literature. It usually has restricted access to the

optimisation function and, thus, interacts and queries it during learning to understand the process.

Besides, for a learning agent interacting with the environment, the number of parameters for
optimisation determines the type of network to adopt. Models with fewer optimisation parameters use
the reinforcement learning algorithm, while in models with many optimisation parameters, deep
reinforcement learning techniques are adopted for the best results [170]. The RL agents are usually
modelled as Markov decision processes (MDP), and depending on the states and actions spaces; the

problem is modelled as infinite or finite MDP.

Nonetheless, most applications of machine learning models use supervised learning, and this learning
model forms the basic theory of this research. It aims at performing classification tasks from labelled
training examples. In addition, some general insights about the capabilities of deep learning, highlighted
by an early study, produced the theoretical effectiveness of using deep learning, which attracted more
research interest in deeper architectures [174]. Further research continued until 2012 when the first
groundbreaking results on the application of deep CNN for image classification tasks [157]. Finally, the

evolution of the learning models is discussed.

3.10 Deep Learning Architectures

The neural network architecture outlines the composition of the model with specifics on the number of
units and the interconnection between units. The idea of a single neuron used for information
processing is often referred to as the perceptron. The deep neural network refers to the multilayer stack
of modules used to compute non-linear input-output mappings during learning [28]. The architecture

also details the direction of the flow of signals in a model, from inputs to outputs.

The modules are subject to learning, with each in the multilayered stack transforming its input to
increase its selectivity and invariance of the representation. The deep architectures of depth ranging
from 5 to 20 can perform a highly complex transformation of its inputs to output, sensitive to minute
details and distinguishing irrelevant and insensitive variations like lighting, background, surrounding

objects, and pose [28].
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Hence, good internal representations are hierarchical [175], and the architectures of the multilayer
neural networks work in similar hierarchies for different types of data presented in the model.
Furthermore, these models exploit compositional hierarchies where higher-level features are learned by
combining lower-level features [28], [68]. For example, the deep architectures for speech and text exist
alongside the images, with the make-up of the architectures differing significantly. The speech and text
are obtained from sound inputs to phones, phonemes, syllables, words, and sentences. The method is
similar to image inputs, where a local combination of pixels from the edges within an image, edges
form motifs, motifs combine into parts, and finally, objects [28], [175]. The deep learning model

taxonomy is shown in Figure 9.
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Figure 9 Taxonomy of deep learning architectures adapted from [113]

Conversely, the forward propagation of information is the multiplication of the given inputs by the
model weights and biases before summing them together and applying the non-linearity function to
produce the outputs for the given neural network. The deep architecture is a multilayer stack of simple
modules that learn model parameters by computing the non-linear input-output mappings in data. The
respective  modules transform their input to increase the selectivity and invariance in
representations[28]; thus, each architecture has numerous layers of non-linear processing elements, with
the lower layer's output fed directly to the immediate higher layer [171]. The learning methods for deep
architectures include multiple-layered neural networks [176], multi-layered graphical models [73], non-
linear embedding algorithms [177] etc.

Consequently, the multi-layer neural networks use layers organized and arranged in a chain structure,
with each layer being a function of the preceding layer. In this way, the model output is obtained by
computing the outputs of the successive layers from the input layer to the second layers, and the

following relationships give their outputs:
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Where h = outputs of the layer, x = input, g = activation function, and b = bias. The multi-layer neural
network is a straightforward approach achieved using stacking layers together and formed the basis for

the model design adopted in the research.

Moreover, the bias term is helpful to shift the activation function to either the left or right or allow the
activation function to move in either direction, as the case may be. Furthermore, it ensures that a
positive output is obtained even when no input is applied to the neural network. These subsequent
layers are represented by referencing the superscripts which represent the layers. These architectures
discussed in this review include the feed-forward neural networks, restricted Boltzmann networks
(RBN), recurrent neural networks (RNN), convolutional neural networks (CNN), deep belief networks

(DBN), generative adversary networks (GAN) and autoencoders.

3.10.1 Deep Unsupervised Learning Models

Deep unsupervised models do not require labelled data for training, and they learn the vital
characteristics in data to determine the underlying structure. For example, deep autoencoders,
generative adversarial networks (GAN) and recurrent neural networks (RNN) are typical unsupervised
neural network models and are helpful in clustering, dimensionality reduction and generative models
applications [113].

Conversely, the deep autoencoder (DAE) is an unsupervised model that uses more than one hidden
layer to learn the encoding of input data. The autoencoder neural networks are trained to copy input
data to an output. They use sets of recognition weights to convert a given input vector to a code vector
and a set of generative weights to convert the code vector into an approximate reconstruction of the
input vector [178]. Pictorially, the autoencoder is shown in Figure 10, where the input vector is

represented as x, the output r, and an internal representation h.

It consists of two-component units, namely the encoder function e, which maps the input x to an
internal representation h, and a decoder function d, which maps the internal representation to the output

r. The autoencoder output is given by

(i) = x(i) 36

Where r is the target or output, x is the input, i is an integer. During the DAE training, the network

parameters are learned and compiled as feature vectors using one of the back-propagation techniques
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like the steepest descent, conjugate gradient method [171] and the recirculation techniques, with the

newer technique, a biological training method rarely used for machine learning algorithms[179].

However, the DAE have the sparse variant, which has sparse features obtained by adding sparsity

constraints to the hidden layer units, thereby modifying the loss function to

m n
1 o
Jo = ;Z(y“) - x0)* + ZKL(pIij) 3.7
i=1 Ji

Where n is the number of neurons in the hidden layer and KL is the divergence term. The KL —

divergence term with respect to the jth neuron is given as

1-—
KL(p||p;) = p log (;;ﬂ) + (1-P)log (1 — 5) 38
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Where p is a predefined sparse parameter that is close to zero and p; denotes the average activation
value of the jth neuron in the hidden layer over the entire training examples. The autoencoders produce
a very sparse hidden representation of the input when the value of p is close to zero. Another variant of
the autoencoder is the weight-decay added to a loss function to reduce the overfitting problem. The

weight-decay AE is given by

m 2
1 . . .
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Where T is a hyperparameter that controls the decay strength. Nevertheless, the most significant
strength of the AE models is that they are helpful in dimensionality reduction and can be modified to
learn different representations; however, their main limitations include that they are not good at
ignoring random noise in the training data, requires extensive training data, slow to train and fine-tune
[113].

Besides, deep reinforcement learning (DRL) models are another form of unsupervised learning model
with a foundation in Markov Decision Processes. These models learn behavioural policies by mapping
states to actions, maximising cumulative rewards. In simplified form, the policy can be represented as a
look-up table where the appropriate action for any state is listed. However, these listings are infeasible
in more complicated environments and must be encoded as a parameterised function[180]. Furthermore,
these models learn by punishments and rewards rather than explicit instructions [180], thereby
understanding "how to act in a dynamic environment from experience" and responding by minimising
some cost functions or maximising some payoff functions [181]. Besides, the learning process occurs
by trial and error methods as the reinforcement signals are obtained from the experience of the
interactions between the environment and the agent. A typical RL model with samples: x; ~ p, and

agent forecasts: 9, = f (x;), the probabilistic agent received cost: rc, ~ P(rce|xs, y:). This is
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synonymous with semi-supervised models. These model derivations are beyond the scope covered as

RL was not used in the research; however, the derivations can be found in the literature.

Furthermore, the different approaches of RL models include deep Q networks (DQN), Q - learning,
deep deterministic policy gradient models (DDPG), normalising advantage functions(NAF), and the
State-Action-Reward-State-Action (SARSA) methods [113]. The DQNs are the value learning models
that learn utility values of the state and action pairs, often referred to as Q - values. The DQN models
are the most used deep reinforcement learning models and have successfully trained self-driving cars

[182]. However, a deeper review of the DQN architectures is not covered.

3.10.2 Deep Semi-Supervised Models

The deep semi-supervised models use labelled and unlabelled data in modelling and training tasks
before inference. These models include the restricted Boltzmann Machines (RBM), which have two
variants: deep belief networks (DBN) and deep Boltzmann machines. However, the respective semi-

supervised models' characteristics distinguish them, and these characteristics are discussed as follows.

The RBM is one of the deep semi-supervised models that have found applications in dimensional
reduction, regression, classification, filtering and feature learning applications. The restricted
Boltzmann machines are a particular type of altered Boltzmann machines, consisting of a fixed number
of two-valued units linked together by symmetrical connections [183]. These machines are
symmetrically connected neuron-like network units that make stochastic decisions of being on or off in
a probabilistic way. They are also used to discover fascinating features that represent complex
regularities in a given training data [184]. The general Boltzmann machines are modelled based on
parallel distributed computing techniques, where randomly initialised coefficients are helpful to modify
the inputs. There are three different Boltzmann machines: conditional Boltzmann machines [185],
higher-order, and mean-field Boltzmann machines. They also differ based on the network arrangement,
either by conditional modelling or by the model initialisation technique. However, almost all
Boltzmann machines have speed constraints, which could be addressed by restricting some network
layers, thereby making some units invisible. These machines learn one hidden layer at a time, after
which the activity of the hidden layer is applied for training subsequent restricted Boltzmann machines.
This process is repeated to train as many Boltzmann machines as possible, producing the deep

Boltzmann machine.

Conversely, the RBMs are primarily useful in unsupervised learning applications, especially in text
classification, where the gradient-descent algorithm and an exponential loss function were used to tune
the network, with active learning applied to train the text classifier [186]. However, perceptual learning
and inference are simplified as the RBMs with no specific connections between their hidden units
[187]. This stochastic dynamics of the RBMs can be described for a given unit entity i, having the

opportunity to update its state in binary form; the first becomes computing the total available inputs x;
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which is the sum of the weights on interconnections w;; and biases b; coming from the active units,

thereby producing the total input as

X = ija] + bi 3.10
j

where the variable g; is the output state, and it is one if j is on and zero elsewhere. It turns out that the i
unit turns on with a probabilistic logistic function as

Plag=1) = /= 3.11

Perhaps, the main limitation of the DBM is the slower training process which limits the functionality
and performance of the DBM models to mostly feature extraction applications

Conversely, deep belief networks are specialised semi-supervised models useful for efficient layer-by-
layer top-down learning procedures with a generative weight that suggests how variables in one layer
depend on the layer's variables above it [188]. The DBNs are composed of multi-layer stochastic latent
variables, and the latent variable has binary values often referred to as feature detectors or hidden
layers. The top two layers have undirected symmetric connections that form an associative memory. In
contrast, the lower layers receive a top-down directed link from the layer directly above, with the lowest
layer states representing the data vector. A significant property of the DBNs is that the layers are
connected symmetrically, but there is no connection within the layers. The DBN also has a simple
learning module containing an RBM, with visible units representing the data and a hidden layer that
learns the high-order correlations. The unsupervised applications allow the DBNs to learn the features
to reconstruct their inputs probabilistically. The pre-training stage learns the features, which are the
initial weights parameters, while the fine-tuning modifies the architecture to achieve desired results.
The DBNs models produce better results by treating the hidden vectors produced by the training data as

the input for the subsequent learning modules [73].

Finally, the semi-supervised models have found applications in similar fields like the supervised
learning models, where research outlines that these models have been successful in recognising images,
generating images, video sequence analysis, motion capture data and analysis, dimensionality reduction
as well as document retrieval [188], thereby making the semi-supervised models highly relevant in

current and future applications.

3.10.3 Deep Supervised Learning Models

The supervised models use properly labelled data for training and inference on the computational
models. The supervised models have found applications in feedforward, convolutional, and recurrent

neural networks. These models are briefly introduced, their derivations and specific applications.
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The feed-forward neural networks are algorithms where the inputs flow into the network and continue
in one direction through the hidden layers until it reaches the output. The feed-forward networks have
the values of any current node dependent on the previous layer nodes where x; is the input layer, i is a
function of x;_, [68]. These networks are defined by the relationship that maps a fixed size input x to a

fixed size output y, and are given by [28]

y=f(;b) 3.12

These models are trained to learn the parameters b, which best describes the function by minimizing its
loss function L(y,¥) across the set of training data. The mapping function is a linear relationship

between the input signal and the output; therefore, the output becomes

y = a(Wixl-_l + bl) 3.13
X1 21

The mapping function can be re-written in linear algebraic formas X = | * ‘ where b = l ,-2‘ and o is
xiq 51‘

a nonlinear activation function. The feed-forward architecture with multiple hidden layers is often

called the deep neural network.

Moreover, recurrent neural networks are specialised algorithms for sequence data like voice. It is more
complicated than the feed-forward neural network and uses the same weights at every time slice to
obtain inputs at every time portion of their operation. The RNN uses the parameter-sharing property of
early machine learning models to extend the model applications and generalisation [68]. They can also
remember the data in their hidden state for a long time since they have memories, although it is more
challenging to train them to remember the hidden states. However, more recent algorithms have been
successful in achieving this. The RNN usually has two sources of input, namely the recent past and
present, combined to ascertain how best to respond to new datasets and a feedback loop connected to
past decisions. The symmetrically connected networks use similar weights in both directions. However,

their capability is more restricted because they obey an energy function.

Besides, the deep recurrent neural network recognises audio signals by first grouping them into low-
level, and high-level frequencies or audio wave features grouped into phonemes and the phonemes
grouped into words and the words grouped into phrases and sentences in a typical audio recognition
system. The training of the RNN has successfully predicted the following sequences in data, especially
the next character in a text [189] and the next word in a sentence [190]. When the RNN unfolds the
time sequence in the data, it is visualised as a very deep feedforward neural network, with all the layers
sharing similar weights. However, researchers have highlighted that learning and storing information
about these long-term dependencies is challenging [191], creating room for improved approaches to

succeed.
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However, to remedy this, network augmentation with explicit memory was suggested. The long-short-
term memory (LSTM) was proposed with special hidden units to remember the inputs for a long time
using a memory cell [192]. The LSTM is one of the two main recurrent architectures, including the
gated recurrent units (GRU). It consists of a cell that remembers values over an arbitrary time alongside
input, output, and forget gates that control the flow of information in and out of the cell [192]. In
contrast, the GRUs are gated mechanisms used as a forget gate and contain fewer parameters than the
LSTM due to the lack of an output gate [193]. However, researchers have compared these architectures
and highlighted that the GRU performs better than the LSTM with a fixed number of parameters for all
models. The authors further assert that the performance metrics included CPU convergence time,

generalisation, and parameter updates.

Finally, the major applications of the RNN architectures, including the LSTM and GRUs, have been in
speech and audio modelling, natural language processing, and sentiment analysis; however other
applications of excellent performance include the use of LSTM for the prediction of part quality in
additive manufacturing [194]. Other notable applications include machine translation, automatic speech
recognition [195], [196] and medical applications, where the RNN helped discover complex rules of
biological protein application [197]. Finally, the closest application of the RNN to remanufacturing is
the prognostic application, predicting the remaining useful life (RUL) of components [198] and

bearings [199] alongside time series prediction[200].

3.11 Convolutional Neural Networks

The CNN is a feedforward neural network with multiple convolutional and pooling layers, helpful in
providing end-to—end learning of the parameters of a given model. They are modelled according to the
universal approximation theorem that a single-layer feedforward neural network can sufficiently
represent any function given enough capacity. They are specialised neural network model for
processing grid-like data and uses a mathematical operator known as convolution, which is a typical
linear operation in one of the layers of the network instead of the general matrix multiplication used by
the standard neural networks, in at least one of the layers of the models[68]. The convolution operation
works by dividing an image into small slices, usually referred to as receptive fields. These smaller
divisions help extract features from the images, thereby simplifying them. On the other hand, matrix
multiplication involves separate parameters describing the interactions between component units,
making each output unit interact with the input unit and causing the implementation of early neural
networks to be computationally expensive. Moreover, making these architectures deeper to achieve

higher accuracy has been a recent trend, giving birth to deep learning modelling.

Nevertheless, an attractive feature of the CNN models is the ability to exploit spatial and temporal
correlation in data. The topology consists of multiple learning stages, including the convolutional, sub-
sampling, and non-linear processing units [201]. The respective layers use a bank of kernels to perform

numerous input transformations by extracting valuable features from locally correlated points.
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Figure 11 Components of a typical convolutional layer of a CNN showing the layer design approach

Moreover, empirical research outlines that given enough training data, CNNs can learn invariant

representations in data to achieve and exceed human-level performance, as shown in Figure 12 [33].
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Figure 12 Sample convolution filters output used to learn different patterns in data [125]

Besides, the 2012 annual Olympics of the ImageNet Large Scale Visual Recognition Challenge
(ILSVRC) opened a new phase of CNN research as authors classified over one million images into
1000 classes using a deep convolutional neural network named AlexNet, setting a new world record
accuracy in image recognition competition [157]. The research increased attention to using CNN in
many other image classification problems. It produced other record-breaking architectures in the
subsequent years, including ZFNet[202], GoogleNet[159], VGG16 and VGG19[158], and ResNet [33],
to mention a few. The success of the CNNs has witnessed numerous valuable applications in real-world
problems, including image recognition [157], [175], self-driving cars [182], object detection and
segmentation [203], medical image analysis [204], emotion detection[205], remote sensing especially
the synthetic aperture radar systems[206], [207], remanufacturing sorting [41] and inspection
applications[143] among others.

Despite the early success and commercialisation of CNN, there was limited interest due to the limited
amount of data, low computational capability of the available computers, and poor algorithms to
compute the weights and biases of the neural networks. These challenges led to the evolution of CNN
research, with researchers investigating methods of improving the design of CNN architectures to
achieve improved performances. The components of these CNNs and their architectural evolutions are

outlined in the subsequent sections.
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3.11.1 Evolution of Neural Network Architectures

The architectures of the neural networks are a vital part of model development as these architectures
influence the models' ability to generalise. However, research suggests that good generalisation ability
is a function of developing architectures with a certain amount of prior knowledge about the problem.
Nevertheless, the early research on CNN and their workings were not very clear on the internal
workings of the CNN components, thereby treating them as black boxes [32], with the models having
huge hyper-parameters and parameters including weights, biases, number of layers, number of neurons,
stride, filter size, learning rate, activation functions and other hyperparameters. Moreover, recent
research has improved and provided answers to the problematic research questions on CNN
architecture, addressing the shortcomings of the previously proposed architectures and providing new

structural formations.

The architectural evolution of CNNs highlights the advancements in structuring processing units and
advanced block designs. In addition, these architectures also explored parameter optimisation methods,
structural reformation, regularisation, and other techniques to improve model performance. These
advances are outlined in the taxonomy CNN research. The description of the various design

improvement methods is shown in Figure 13.
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Figure 13 Taxonomy of the CNN evolutions

3.11.1.1 Spatial Exploitation

The spatial exploitation considers the neighbouring input pixels within the same locality and explores
the correlations extracted using different kernels. These additional filters obtain different levels of
detail, with the large filters extracting coarse-grain information while the small filters reveal fine-
grained information. The early CNN research considered spatial filters to improve the CNN models
alongside the relationship of the filters to the model's performance. These researchers observed that
adjusting the model kernels improved results on the ability of the models to perform specific tasks.
These spatial dimensions made new CNN architectures that became state-of-the-art in recognition tasks,
including the LeNet [208], AlexNet [157], ZfNet [202], and GoogleNet [159] architectures, to mention
a few. The LeNet5 architecture consists of two convolutional layers, two average pooling layers, a

convolutional flattening layer, two fully connected layers and a softmax classification layer, used to
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perform digit recognition on 28 x 28 greyscale images [208] and was used for almost two decades
before the recent explosion of the CNN research arrived, with another groundbreaking architecture
called AlexNet. The AlexNet architecture is an eight-layer improvement of the LeNet, consisting of five
convolutional layers and three fully connected layers, alongside some ReLU and softmax activation
functions applied across each of the hidden layers of the architecture. The network was trained on input
images of size 227 x 227 x 3, with about a thousand object categories obtained from over one million
images of the ImageNet database of images [71]. The architecture has some dropout applied just before
the first and second fully connected layers to reduce overfitting and produced state-of-the-art results

that surpassed the best-handcrafted image recognition and localisation entries [157].

Furthermore, these early CNN architectures explored the spatial details in data, including using
different filters, padding, stride, and other hyperparameters to obtain state-of-the-art results with
features extracted using large filters for more coarse details and smaller filters for fine-grained features.
However, these architectures witnessed similar challenges because the results were based on trial and
error because there were no clear reasons for the improved performances observed from the models
[32]. Besides, other researchers propose using fixed topologies that are repeatable within the
architecture and a handful in the design of VGGNet [158]. This architecture design method changed the
CNN architecture design approach towards adopting the uniform layer design approach. Furthermore,
deploying these repeatable units opened the door to developing innovative architectures that work in

similar methods.

3.11.1.2 Depth and Width Exploitation

The depth and width of the CNN architecture is another vital architectural design method explored by
researchers to enhance the understanding and performance of the architectural design of CNNs. The
underlying assumption is that the deeper the architecture, the better the model's target approximation
[209]. Besides, it is worthy of outlining that the deeper models have advanced the adoption of
supervised learning research, with the early architectures exploring architectural depth in their design,
including the network in network architecture [210], Highway networks [211], Inception-v1 also known
as GooglLeNet [159], VGGNet [158] and the ResNet [33] architectures. These architectures focused on
learning-rich features by exploring the model's width and depth. For example, the VGGNet and
Inception architectures achieved the best performance at the 2014 ImageNet challenge using depth and
width-based very deep architectures [158], [159]. However, as this depth increases, the gradient
propagation diminishes, with increased computational cost, and longer training times, limiting the
models. Therefore, researchers explored connecting intermediate layers to address these challenges,

obtaining limited success.

Consequently, other methods, including the use of skip connections and gating mechanisms, provided

improved performances of the deeper architectures [33], alongside the introduction of dropout in the
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residual blocks, which offers network regularisation [212], and the stochastic depth method that skips
layers during training to reduce effective depth [213]. Nevertheless, the Highway network introduced
depth and multipath in the design of CNNSs. It increased the ease of information flow across several
layers ranging from 50 to 900 [211], with the network having about 2.3 million parameters and a

prediction accuracy of 92.24%.

Besides, the ResNet architecture is another depth and width-based model that uses identity shortcut
connections to skip one or more layers during training. These identity shortcuts provide the advantage
of not introducing additional parameters to the model alongside computational complexity and a higher
prediction accuracy [33]. The ResNet model has the ReLU activation in the hidden layers alongside the
softmax output layer [212] and was the first CNN architecture to surpass human-level performance with
a record 5.6% top-5 recognition accuracy on the ImageNet challenge. Furthermore, the ResNet allows
stacked model layers to fit a residual mapping rather than directly fit the desired mappings with
multiple architectural variants, including ResNet18, ResNet34, ResNet50, ResNet101 and ResNet152.
These variants have different convolutional layers, increasing the model's depth, complexity and

accuracy.

Conversely, the width of the learning models has also been exploited in the design of model
architectures since researchers suggested that stacking layers together may not learn the expected
feature representations to improve the model learning power [32]. To address this challenge,
researchers have focussed on the narrow architectural design approach towards achieving thinner and
wider architectures. For example, the wide ResNet model explored the model width by introducing a
factor k that controls the model width, providing improved performances compared to the residual
networks [212]. Furthermore, the Pyramidal networks provided another architectural performance
improvement compared to the depth-based methods, where the model width is extended per the residual
units, thereby increasing the dimensions of the channel instead of the downsampling method used by
the depth-based architectures [214].

The other width-based architectural improvement includes the Xception model, which uses depth-wise
separable convolutions, decoupling the spatial and feature-map correlation and improving
computational efficiency [215]. At the same time, the ResNeXt introduced cardinality, an additional
dimension that describes the size of transformation used to split, transform and merge the model layers
[216]. Perhaps, the newer architectural design outlined as the various versions of the original Inception
and ResNet models were proposed to minimise the limitations of the original architectures, especially
the computational burdens with Inception-v3, Inception-v4 and Inception-ResNet architectures [217],
[218], while the Pyramidal network enhanced model generalisation [214], and the Xception and
ResNeXt improved computational efficiency [215], [216].
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3.11.1.3 Multi-path Exploitation

The multi-path model design, known as cross-layer connectivity, is another architectural design
technique where a layer is systematically connected to another by skipping one or more intermediate
layers, thereby creating a specialised path to the flow of information across layers. This technique was
exploited in the design of Highway networks [211], DenseNet [219], ResNet [33] and dual-path
networks, which use higher-order recurrent neural networks (HORNN) [220]. The multi-path design
approach has become a dominant design approach in the architectural design of CNN. The cross-layer
connectivity approach was inspired by the design of long short-term memory (LSTM) models, where
gating units help decide the parameters that flow across layers. Furthermore, it partitions models into
block units, which tries to resolve the vanishing gradient challenges of deeper architectures by making

the gradients accessible in lower layers.

Moreover, the different methods used to establish cross-layer connectivity, often referred to as shortcut
connections, include using skip connections [33], sub-sampling or zero-padding [211], a direct
connection between layers using dense blocks [219], dual path networks [220], identity-mapping [221]

and the 1 x 1 connection methods[32].

3.11.1.4 Feature- Map Exploitation

The model feature maps are essential components of every learning model since the models create
features that represent the entire population during training and use these features to map the targets to
the true labels in supervised learning models. Deep architectures have become a vast research area as
deep learning models use the layered approach to identify data patterns, often called hierarchical
patterns. A notable characteristic of the CNN models is that they perform excellently in automatically
extracting discriminating features based on the tasks [28]. However, researchers suggest that not all
feature maps support object discrimination in reality [222]; with enormous feature sets, model
overfitting is likely due to noise. Therefore, selecting features is crucial for the model design to ensure

that only supportive features are selected during training while the other features are dropped out.

3.11.1.5 Attention Exploitation

Attention networks are convolutional networks that focus on specific tasks at different time steps. The
benefits of such mechanisms have been explored for image understanding, localisation and sequencing
models. These models use an attention mechanism to obtain higher accuracy by finding global
dependencies between data points without considering the distance between the input and output
sequence, often referred to as the transformer [223]. The model architecture uses a gating function like
the sigmoid and softmax units alongside a sequential model like the encoder-decoder structure to map a
query and a key-value pair to an output where the queries, keys, values and outputs are all vectors
[222]. The transformer network allows for increased parallelisation and achieves state-of-the-art

performance in translation quality.
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In summary, each architectural design approach offers some form of model improvement in the depth,
width, space, paths, feature mapping, attention and gating, among others. However, none of the
methods has achieved state-of-the-art performance on computational cost, accuracy, generalisation, etc.
These suggest that providing the balance between these performance parameters is the most vital
decision of the model designer. These decisions guide the design of the CNN architecture used in the

research alongside other heuristics from the experiments.
3.11.2 Components of the Convolutional Neural Networks

The components of the CNN include the convolutional layer, activation, pooling, batch normalisation,
dropout, and fully-connected layers alongside the inputs and output layers that make up the CNN
architecture. Moreover, it is essential to highlight that all the outlined components of the convolutional
neural networks are not present in every architecture since the designer chooses the layers to include
based on the proposed model improvement. The convolutional layers learn the feature representations
of the inputs using filters, usually referred to as kernels, used to compute the feature maps, with each
neuron directly connected to its neighbouring neuron. The new features are obtained by convolving the
input image and the kernel to get the set of features that are further propagated in the model. These

components of the convolutional neural networks are as follows.
3.11.2.1 Convolutional Layer

The convolutional layer consists of several kernels used to learn and compute feature maps from a
given input. A fundamental property of the convolutional layers is that the weights are shared,
providing the advantages of reduced model complexity and ease of training the network by reducing the
amount of time to learn model parameters due to the use of the receptive field of the NN and kernel size
[224]. The individual neurons of the feature map are mapped to a region of neighbouring neurons in the
preceding layers. Some new feature maps are obtained by convolving the inputs with a learned kernel

and applying some element-wise activation function on the output.
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Besides, the kernel is shared by all the inputs' spatial locations to obtain these feature maps, and these
features are computed mathematically. The feature value of a specific area (i, j) in the kth feature map

of the lth layer is given by

| N l 3.14
Zijx= Wi Xij+bg
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Where xf_ ; Is the input patch centred at location (i, j) of the lth layer, with wj, and b}, representing the

respective weight vector and bias terms of the kth filter of the [th layer. There are numerous techniques
for performing convolution operations, including tiled convolution, dilated convolution, transposed
convolution [115], etc. The tiled convolution approach learns separate kernels within the same layer,
while complex invariance is learned implicitly using square-root pooling over neighbouring units. The
tiled convolution has a convolutional operation applied after every k-units where k represents the tile
size that controls the distance of weight sharing [225]. Furthermore, the transposed convolution, often
called deconvolution, is the opposite of vanilla convolution, which associates multiple input activations
to a single activation. The deconvolution connects single input activation with numerous activations. It
first upsamples the inputs by the padding and stride values before convolving the upsampled versions.
The stride factor also provides a dilation factor for the input feature maps [226]. The deconvolution

operation has been helpful in model visualisation [202], [226].

Nevertheless, the dilated convolution uses model hyperparameters in the convolutional layers to learn
input patterns. For example, it uses zero padding between filter elements to increase the receptive field
size of the model to capture more relevant information[227]. Besides, other compounded convolutional
operations are used in the CNN architecture design, including the network architecture network

alongside the inception module [210].

The CNN has the equivariant capability of the convolution operation, which assures that changes in
input cause the same changes in the output, thereby making the operation translation invariant. In
addition, the sparse interactions property also ensures that the memory storage space is maximised by
using smaller kernels than the input data, guaranteeing that smaller data is available for storage, thereby
improving the computation efficiency and reducing the convolutional computation cost. However, the
convolution property does not guarantee invariance to all transformations, including changes in the
image scale, rotation of an image and many others. However, an identified challenge with the
convolution operation is the high computation cost, especially for very deep architectures, thereby
consuming lots of memory resources. The pooling layers resolve this limitation of the convolutional

layers by down-sampling the inputs.
3.11.2.2 Pooling Layers

Pooling reduces the computational cost between the model's convolutional layers [160]. It simplifies the
layer output by non-linear downsampling, thereby reducing the number of parameters the model learns,
building translation invariance and robustness to slight distortions by computing a max or average of
the filter responses within the pool. The primary function of this layer is to reduce the spatial resolution
of the feature map's size of the input. It is applied over space, scale and space alongside similar feature
types [201]. These layers drop the CNN's computational burden by reducing the connections between

respective convolutional layers, thereby reducing their size. Pooling operations generally introduce
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translation invariance in the images, making the models classify objects regardless of their position
within the image. It is a vector-to-scalar transformation which operates on every local region in a photo
by computing mostly the maximum or average of the pixels within an area and discarding the other

remaining features.

There are different types of pooling layers, including maxpooling, average pooling, mixed pooling, [,

Stochastic pooling, spatial pyramid pooling, spectral pooling, and multi-stage order-less pooling. The
most common pooling techniques include max pooling, which computes the maximum value from a
pooled region, and average pooling, which calculates the average value over a pooled area.

The ¢, pooling is a biologically inspired operation modelled after the average and max pooling

techniques. The £, pooling is given by the £,, norm of the pooling inputs obtainable using [228]

1
(ogilP + -+ |y |P) 7o 315

Where xj; ... x,, are the input nodes in the pool, with the value of p lying between 1 and co. However,
the authors outlined that for p — oo, the £, pooling reduces to the ordinary max-pooling while for p =
1, it becomes the average pooling. Consequently, another pooling method named mixed pooling is a
compound pooling technique that is similar to the £,, pooling in terms of the form. The mixed pooling

assigns a random value of 1 or 0 to parameter A during the forward pass of the training. It uses the
assigned number during backpropagation, indicating the choice of average or max-pooling. The mixed

pooling is given by [229]

1
Yiij = A MaxXpq)ery Xhkpg + (1= A) - EN z Xkpq 3.16
Ul (0,9)ER;;

Where 2 is a random parameter, yy;;— the output of the pooling operator for the kth feature map,

Xkpq = elements at points (p, ) within the local pooling region, and ®;; = pool size.

Furthermore, stochastic pooling is another pooling approach inspired by dropout regularisation. The
stochastic pooling selects the pool feature map response by sampling from a multinomial distribution
obtained from the respective pooling region and randomly picks an activation that ensures that only
non-maximal feature maps are selected. The stochastic pooling methods reduce the risk of model
overfitting due to the stochastic nature [230]. Other pooling techniques include spatial pyramid pooling,
which generates fixed-length representations regardless of the input sizes [231]. Spectral pooling uses
frequency domain components of an image to generate feature maps [232] and multiscale order-less
pooling, which considers local and global features of the inputs independently and uses it to provide

feature maps for the model [233].
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3.11.2.3 Fully Connected Layers

The fully-connected layer is the layer preceding the output and is often used as the output layer of some
CNN models [210]. It is a global operation and valuable at the final layer in most CNN model designs
for combining the non-linear selected features in the classification pipeline. The fully-connected layer is
composed of a vector of k dimensions where the k — parameter is the number of classes the model can
predict. These classes of k —vector contain the probabilities of the respective predicted classes of the
images under investigation. These fully connected layers depicted in Figure 15 are used to perform

deductive reasoning from the learned features obtained using the convolutional and pooling layers.

Moreover, the fully connected have much more connections than the convolutional layers. It takes a
vector of arbitrary real-valued scores and squashes it into another vector, whose values will range from
0 - 1, with the sum equal to one for a softmax. These values represent the softmax activation output and
the models' predictions. They achieve the needed high-level reasoning for the neural network [157],
[158], [202]. After constructing the feature map hierarchy of the network, the model is fine-tuned, and
the final layers are added such that each output neuron produces a conditional probability that maps the
input image to a specific class with a non-linear function applied to the output. The output layer is the
classification layer that usually contains a function that predicts the output. This function can be either

the sigmoid or softmax function for a typical image-based application.
2.11.2.4 Activation Functions

Activation functions are functions that help the models to approximate any other functions or
behaviour. Theoretically, a two-layer neural network can approximate any other function provided it
contains a sufficient number of hidden units to achieve that. The position of the activation function in
an architecture determines its function in the architecture. The most crucial work of these functions
includes making decisions during the intricate pattern learning process alongside accelerating the
learning process in the hidden layers. It achieves this by adding non-linearity to the learned features by

further propagation[234]. The activations work by modifying the output of a feature map, given as
ff=a (0,"") 3.17

where OF is the output of a convolution layer, « is the activation function, and £ is the transformed

output. The literature outlines the numerous developed activation functions, including rectified linear
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units (ReLU), Sigmoid, HardSigmoid, Swish, Hyperbolic tangent, Softmax, Softplus, Maxout, and their
variants, among other functions not mentioned. A worthy note is that the ReLU is the most used
activation function in the hidden layers of the deeper architectures [234]. A comprehensive review of

the various activation functions in deep learning research is found in the literature [234].

Moreover, a necessary condition for training the gradient-based models is that the activations are
continuously differentiable, allowing the gradients to be computed, thus obtaining the parameters that
minimise the loss function. If this condition is not satisfied, the gradient-based methods cannot succeed.
These definite range helps to achieve more stable performance when using gradient-based techniques
than the infinite range functions. Other significant factors in choosing an activation layer for deeper
architectures include smooth, symmetric, behaving like identity functions around the origin [235]. An
overview of the most crucial activation functions is outlined as follows.

a) Sigmoid Function

The Sigmoid is a non-linear AF used in neural networks to convert discrete signals to continuous

signals, often referred to as a logistic function or squashing function in the literature [8]. The Sigmoid
IS a bounded differentiable function defined for real input values, with positive derivatives everywhere

and a degree of smoothness [16]. The most vital property of the Sigmoid is that it produces numbers
very close to 1 for large positive numbers, numbers very close to zero for large negative numbers, and
numbers close to zero output numbers very close to 0.5. The Sigmoid is given by

It often appears at most DL architectures' output layers and helps predict probabilistic outputs. The
Sigmoid has been successfully applied to classification, logistic regression, and other domains, with
researchers highlighting the most significant advantage as being easy to understand [17]. Moreover,
researchers have suggested that the Sigmoid should be avoided when initializing neural networks,
generally from small random weights [12]. Other crucial limitations of the Sigmoid include the sharp
damp gradients during backpropagation from deeper hidden layers to the input layers, slow
convergence, gradient saturation, and non-zero-centred output that causes the gradient updates to
propagate in different directions. Nevertheless, newer activations have been investigated and proposed
to manage these drawbacks suffered by the Sigmoid functions, including the HardSigmoid [236],
Sigmoid weighted linear units (SiLU) and the derivative of the Sigmoid weighted linear units (dSiLU)
[237], and the logistic Sigmoid [238] etc.

The HardSigmoid is a variant of the Sigmoid that offers improved computational cost compared to the
original Sigmoid and finds practical applications in deep learning classification [236]. The

HardSigmoid is obtainable using the function.
x+1 x+1
f(x) =clip ( 5 0, 1) = max <0,min (1, ( > ))) 3.19
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Conversely, Sigmoid's SiLU and dSiLU variants are reinforcement learning-based approximation
functions. In the case of state-value-based learning, state vector s, an RBM approximates to state-value
energy function V by the expected negative energy of an RBM network. The activation «;, of the k —

th SiLU for inputs zis obtained as the multiple of the input and the Sigmoid given by [237]
ar(zy) = zp a (zy) 3.20
Where a is a Sigmoid function. However, the authors outlined that the substantial values of z, the

SiLU approximates to a ReLU function. In contrast, the dSiLU resembles an overshooting Sigmoid,

comparable to the Sigmoid function and computed.
ap(zy) = a(zy) (1 + 2z, (1- a(zk))) 3.21

The dSiLU has a minimum value of —0. 1 and a maximum value of 1.1 for z;, ~ =+ 2.4. The typical

response of the SiLU and dSiLU functions is shown in Figure 16.
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Besides, the logistic Sigmoid units (LSigmoid) is another activation proposed for the recurrent neural
networks that address the problem of ReLU and LReLU in DBN applications [238]. These functions are
not able to maximise the pre-training effects of RBNs. The LSigmoid addresses the vanishing gradients
during backpropagation by combining the benefits of unsaturation from the leaky ReLLU function. The
LSigmoid is given by

a(x—b) + Sigmoid(b) , x = b 3.22

fi1 (x) = {Sigmoid (x) , -b<x<b

a(x+ b) + Sigmoid(b) , x < —b
Where b = threshold and a = slope. Both of these parameters are usually preset. Finally, the Sigmoid is
primarily helpful in binary classification problems; as such, it cannot work in multi-class problems,
requiring other functions that can manage more than two class inputs. A function for multi-class

prediction is the softmax function.

b) Softmax Function
The Softmax is a valuable function for multi-class neural computing that returns the probabilities of

each class and the target class having the highest probability. It helps compute the probability

distribution from a vectorof real numbers. The output of the Softmax function ranges between 0
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and 1, with the sum of the probabilities equal to 1. The Softmax is obtained using the following
relationship [68]
e(xi) e(xi)

flx) = . -e("f) I 7D BN € I )
J

3.23

Where j is a linear function of scores for values ranging from 1 to n. The softmax function appears at

the output layer of almost all the major deep convolutional neural network architectures.

C) Softsign
Softsign is one of the earliest activation functions that has found application in deep learning research.
It is a quadratic polynomial function that converges in polynomial form, and it differs from tanh

function, which converges exponentially. The Softsign is given by [239]

0= (5759) 32¢

Softsign is mainly applied in regression applications but has recently been useful in deep learning

modelling of Text-to-Speech systems showing promising results [240].

d) Softplus
The Softplus is another activation function and a primitive of the Sigmoid. It can be viewed as a

smoothened version of the ReLLU activation, which has a non-zero gradient and smoothing properties,

thereby stabilising the performance of the models [241]. The Softplus is given by
f(x) =log(1 + e*¥) 3.25

Besides, comparing the Softplus function against the Sigmoid and ReLU functions suggests that the
Softplus produced faster convergence with lesser epochs during training and finds practical application
in speech recognition systems, among other applications [242].

e) Rectified Linear Units (ReLU)

The ReLU is a fast learning activation function used in almost all the existing deep learning
architectures[28]. It is the most widely used function in deep learning research [234] due to its
simplicity and reliability in deeper architectures [243]. It offers better performance and generalization in
deep architectures than other activations [244], [245]. The ReLU represents a nearly linear function
that preserves the properties of linear models, making them easy to optimise using gradient-descent
techniques [68]. It performs a threshold operation on each input element where values are less than
zero, setting them to zero. The ReLU is given by [243]

_ _(x, ifx; =20 3.6
f(x) = max(0.x) = {0’ if x; < 0 :
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The ReLU activation cuts off the values of the inputs less than zero, thereby faagy them to zero;
however, it suffers from the vanishing gradient challenge. The ReLU and its variants have found
significant application in different deep architectures, including therestricted Boltzmann machines [243]
and the CNN architectures[33], [157], [159]. In the majority of the existing architectures, the ReLU
function has been helpful inthe hidden layer and another activation at the output layers of the
network, especially in object recognition[33], [246], and speech recognition tasks [247]. The RelLU
improves model computation speed since it does not perform exponentials and divisions [203] and
introduces sparsity in the hidden layers as it squishes the values in the range of zero and maximum.
Nevertheless, the ReLU function, like other activations, has some limitations, including being prone to
overfitting. Researchers explored using the dropout technique to reduce the effects of overfitting,
improving the performance of ReLU activation in very deep architectures [248]. Besides, the ReL U is
sometimes fragile during training which causes some gradients todie, giving zero activation [68] and
causing the weight updates not to activate future data points, hindering the learning. These challenges
of the ReL. U function were addressed by the newer variants of the ReL U, including the leaky ReL U that
specifically addresses the dead neuron issues. The variants include the parametric ReLU [33], leaky
ReLU [247], randomised ReL U [249], and displaced ReL U [250], among other variants.

Furthermore, the leaky ReLU (LReLU) is a variant of ReLU that introduced a slight negative slope to
the original ReLU function, parameterised as «, to keep and sustain the weight updates during the
entire propagation process [247]. The o parameter resolves the ReLUs dead neuron problems using a
minimal constant value for the negative gradient in the range of 0.01. Therefore there will be no zero
gradients at any point in time during model training. The LReL U is computed as follows.

x, ifx>0
ax, if x <0

3.27

fx) = ax+x = {

Nevertheless, the LReLU has identical results to the standard ReLU except for the non-zero gradient
throughout the training process. Nevertheless, the parametric rectified linear units (PReLU) is another
improved variant of the ReLU function where the negative part of the original ReLU is adaptively

learned while the positive linear part is maintained. The PReLU is given [33]
_(x, ifx;>0
fla) = {aix , ifx <0 3.28
Where a; is the learned negative slope control parameters. However, when the a; parameter is zero; the
PReLU becomes the same as the original ReLU. Moreover, another modification is the randomised
leaky rectified linear units (RLReLU), which is a dynamic variant of leaky ReLU where a;; is a

random number sampled from a uniform distribution U (I, u) and used to train the network. The

RLReLU is given by

in , lf in > 0

; 3.29
ajiXji lf Xji <0

flx) = {
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Where the a; ~ U(l,u),l <uandl,u € [0,1]. Besides, the test phase averages all aj; during the

training without the dropout. The a;; parameter is obtained as a;; = HT" The test output is given by
x]'i

Yii = l+u
(7) 3.30

However, comparing the ReLU and some variants have been investigated on crucial classification
datasets. As a result, researchers validate that the LReLU, RLReLU, and PReLU perform better than
the ReLU on classification problems [249]. Yet, the ReLU remains the dominant function in the state-

of-the-art architectures used in deep learning research.

f) Exponential Linear Units (ELU)
The ELU is another activation function developed to speed up the training of deep neural networks

[251]. The ELU provides the crucial advantage of alleviating tevanishing gradient problems of the
ReLU function by using identity for positivevalues, thereby improving the learning characteristics. The
negative values also push the mean unit activation closer to zero, improving learning speed and
reducing the computational burden. The ELU is a reasonable alternative to ReLU as it reduces the
bias shifts by shifting the mean activations towards zero during training. The ELU is given by

fx) = {axex_'L lfl.fxx Z g 3.31
Where a = hyperparameter that controls the saturation point for negative inputs. Besides, research
suggests that the performance of ELU is significantly comparable to the ReLU and LReLU and even
better in learning faster as well as generalisation [252]. However, an identified limitation of the ELU
function is that it does not centre the values at zero. This limitation is addressed by the newer ELU
variants, including the parametric ELU [251] and Scaled ELU [253] variants.

Nonetheless, the parametric exponential linear units (PELU) were proposed by [251] to address the
zero-centring of values limitation of the ELU. It achieves this by reducing the bias shifts with additional
parameters to control the gradient flow. The PELU function is given by

cx , if x >0

X

ae(E)— 1, ifx<0 382

ﬂw={

Where a, b, c > 0. a controls the negative quadrant saturation, b controls the exponential decay scale,
and c controls the changes in the positive quadrant slope [251]. The PELU is most useful in

applications that require fewer bias shifts and vanishing gradients, like convolutional neural networks.

Conversely, the scaled exponential linear units (SELU) are another ELU variant introducing self-
normalisation. The SELU is a scale multiple of the original ELU function with approximately zero

mean and unit variance. Also, it converges towards unit variance and zero mean when propagated
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through multi-layers during training. The SELU enables a strong regularisation that allows robust
feature learning in deep neural networks. The SELU is given by

x ,ifx>0>

fo) = T(ae"—a, if x <0 3.33

Where T = scale factor, which ensures that the slope is large than one and « is a hyperparameter that
controls the saturation of inputs. Moreover, the SELUs have positive and negative values for regulating
the mean, a slope and are not affected by the vanishing gradient challenges as the ReLU and cannot be
derived from other activations including the ReLU, scaled ReLU, Sigmoid, LReLU, among others
[253].

9) Maxout

The Maxout function is an activation that generalises the ReLU and leaky ReLU, where the neurons
inherit the properties of the ReLU and LReLU to avoid saturation and dying neurons during training.
The Maxout has a non-linearity applied as a dot product of the data and the neural network's weights.
The Maxout is given by [254]

f(x) = max(wl x + by, wlx + by) 334

Where b = biases, w =weights, T = transpose. However, the limitation of the Maxout is the
computationally intensive nature of the function, as it doubles the number of parameters used in all
neurons, increasing the number of parameters.

h) Swish

The Swish function is a compound function that combines the Sigmoid and the input to provide the
hybrid Swish function. The Swish uses a reinforcement learning-based automatic search technique to
achieve the activation, with better smoothness, non-monotonic and unbounded at the upper and

bounded in the lower limits, producing better optimisation and generalisation. The Swish is derived as
x

f(x) = x.sigmoid(x) = 1T o= 3.35
Perhaps the Swish's advantage is its simplicity and improved accuracy as it avoids the vanishing
gradient while learning rich features. In addition, the authors outlined that Swish outperformed the

ReLU on deep learning classification tasks.

Finally, activation function research has evolved significantly over the years. The more recent functions
combine other existing functions to improve performance, including Softplus, Swish, dSILU, Maxout
and PELU. Besides, the parameter learning functions have also become the new trend with PELU and
PReLU functions. These AFs help to learn higher-order polynomials for deeper architectures, with their

function in the architectures dependent on the position of the AFs in the respective architectures.

The specific roles of these activations differ, with researchers exploring the balance in the network's

width, depth, and resolution to obtain improved performance. Moreover, the most vital activations
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outlined in the literature include the ReLU, Softmax, Sigmoid, Swish and SiLU, which have witnessed
significant applications in CNN architectures, alongside the ReLU and Sigmoid having other
applications in RNN and SAE architectures. Besides, the most used activation in the deep architectural
designs is the ReLU which has witnessed applications in almost all the ImageNet winning CNN

architectures, except the EfficientNet architecture, which adapted the SiLU and Swish activations.

The output layer has the activation helpful in making model predictions, including classification
problems where the softmax, sigmoid, and SiLU functions have been previously used at the output of
the deep CNN architecture [212], [255], [256]. The hidden layers also have different activations used in
the design to ensure that the signals propagate to the output layer, especially the ReLU and Swish

functions, which have been the dominant function in the deeper architectures.

Moreover, choosing the appropriate activation function for a given deep architecture requires the
heuristic testing of the existing activations on the architectures and observing the performance of the
models during training. The process ensures that the most efficient activation for specific architecture is
easily selected and deployed in the desired deep learning applications.

3.11.3 Loss Functions

The loss functions are estimators that measure how well a model can predict the desired outcome. It
uses the maximum likelihood framework as a helpful method to derive the best set of weights and
performs well in optimising the weights. It uses a candidate solution that smoothly maps to a high-
dimensional landscape to update the model weights iteratively. The loss function accepts the ground
truth and the model's predictions and evaluates how well the model predicts the outcome. A higher
value of loss means that the model performed poorly, and a low value implies that the model performed
well during training. Selecting the appropriate loss function for a model is crucial in successfully
training the model, with each loss function having different properties and capabilities. These properties

define how the model learns, especially in managing outliers.

Moreover, deep learning theory generally adapts and uses statistical approaches to solve learning tasks.
These tasks include training and generalisation of model performance of different applications. The
overall foundational concepts of parameter estimation, bias and variance are handy for characterising

the performance of a model, including overfitting, underfitting and generalisation [68].

Moreover, point estimates provide a single best prediction of the parameter of interest, which can be
either a vector of parameters or a single parameter [68]. To distinguish a set of parameters from their
actual values, the convention of a given point estimate 6 is denoted by 8. These assumptions would
differentiate a predicted values from the true values. The point estimators help determine the
relationship between some inputs and the target variables. These estimators, often called function
estimators or function approximators, help to predict a variable y from a set of input vectors x. For a

function f(x) that defines the relationship between x and y, it can be described as
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Where ¢ represents the part of y that is not predictable from x. The function estimation involves
approximating f with a model. These approximations are typical in modelling even more extensive
problems, including deep learning-based problems. The estimates often involve mapping a function
from x to y or estimating a model parameter [68]. However, the vital sources of estimation error in
results outlined by researchers include biases and variance. While the bias measures the deviation from
the actual value, the variance measures the deviation from the expected estimator value that any data
sampling can cause. Hence, if the true value obtained from training a model is y, the model's loss is the

difference between the prediction and the actual value. This simple loss L becomes

L=fx)—y 3.37

Where x represents the inputs, therefore, to obtain the loss L over n items in a dataset, the average of all

losses is
n
1 . .
L=- Zf(xl) _ i 3.38
i=1

Besides, the above loss functions are adapted to various deep learning applications and grouped into
three categories: regression, multiclass, and binary classification. These categories are briefly discussed

as follows.

3.11.3.1 Regression Loss Functions

The regression application involves the modelling and prediction of real-value quantities. The loss
function capable of predicting real-valued inputs includes the mean square error (MSE) and mean
absolute error (MAE) and their variants. The mean square error is one of the most straightforward loss
functions, and it models the average squared difference between the model's predicted output and the
ground truth. The MSE helps predict continuous data when the outputs are numerical predictions, and it

is obtained as follows
n
1 5 )2
MSE = EZ()’L - yl) 3139
i=1

Where n = model number of samples. The square functions ensure that the obtained outputs are always
positive. Besides, the MSE offers the advantage that the model has few outlier predictions with huge
errors since the MSE increases the error due to the square function. However, the major limitation of
using the MSE is that if the model makes a slight mistake, the error is amplified by the squaring

function, making the MSE unsuitable for models with many outliers.

Conversely, the mean absolute error is the average absolute difference between the model's predicted

output and the ground truth. The MAE can never be a negative value, and it is given by
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n
1
MAE = EEIyi - 3l 3.40
i1

Moreover, the main advantage of the MAE is that all the referenced errors are compiled on the same
linear scale to produce the desired outputs. On the other hand, the MAE's limitation is that it ignores
outliers instead of managing them, making the models prone to very poor decisions in some significant

cases and not ideal for crucial applications.

Furthermore, the Huber loss function is another regression loss function that offers some common
advantages over the MAE and MSE losses. It manages the outliers by balancing the MAE and MSE
using a range of values that keep the loss for minor errors as a quadratic function and linear otherwise.
The relationship gives the Huber loss.

1 2

s(r—f@) , forly—f(l <6

Ls(y, f(x)) = 1
Sly —f)| - 552 , otherwise

Where L, y, and x represents the respective loss, actual outputs and inputs, § is the delta parameter. The

Huber loss is ideal when considering model outliers whose effects are negligible [68].

3.11.3.2 Binary Classification Loss Functions

The binary cross-entropy loss is the default function used for binary classification problems. It helps
predict the probability output of a neural network with a single unit output layer. The binary cross-
entropy is often referred to as log loss, logistic loss, and logarithmic loss in other literature [29], [68],
[257]. The binary cross-entropy loss calculates a weighted sum of the feature array and bias, with the
outputs logits produced using the sigmoid function.
p=a@x’o) 3.42

Where « is a sigmoid function that ensures the output takes either of the two states of 0 and 1. The
Sigmoid function is described in detail in Section 3.11.2.4. Besides, as soon as the model estimates the
probability of an instance belonging to a positive class, it predicts the class using the following rules;

. {0, if p <0.5
1, ifp =05 3.43

The binary cross-entropy loss is obtained by computing the function

L= =) yilogfxi,0) + (1 - y)log(1 — f(x;,0)) 344
i=1

Where [ is the obtained model loss, the negative sign converts the overall computation to a positive
guantity.
Moreover, the Hinge loss is another binary loss function used primarily on support vector machine

classifiers whose labels are encoded as 1 and — 1. The Hinge loss is obtained as follows [258].
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[(y) =max (0,1—t.y) 3.45

Where y = raw output and ¢t = intended output given as + 1. The Hinge loss tries to simplify the SVM
algorithm by maximising the loss and has the squared version named Squared Hinge Loss, which

computes the square of the obtained Hinge losses for a model. The squared Hinge loss is given by
n
) = ) (max(0,1 = y;.99%) 346
i=0

However, the binary loss functions have the limitation that they can only support the binary
classification, making them unsuitable for multiclass classification problems, which require the model's

output to predict more than two outputs at a time.
3.11.3.3 Multiclass Classification Loss Functions

The multiclass problems are classification tasks modelled to predict that specific samples belong to one
of more than two classes. They are modelled to predict the likelihood of the example belonging to each
class. The categorical cross-entropy loss function is for multiclass applications that eliminate the class
limitations of binary cross-entropy functions. It uses the softmax loss function to generalise and
perform multi-class classification effectively. Besides, the categorical cross-entropy is a multiclass loss
function useful when the target class are text-based labels [29]. For each instance, the model estimates
the sample's probability of belonging to the class. The softmax loss predicts the class with the highest

probability as the output, as described in Section 3.11.2.4. The cross-entropy loss is given by

n
LX;Y) = — Z}’ij *log(pij) 3.47
=

Where Y; = labels or target vector encoded as one-hot as (y;1,¥iz ... Yin) andp;; = f(X;) which
outlines the probability that the element is in the class j. Besides, it is worth outlining that the cross-
entropy is inversely proportional to the total probability of an event; thus, higher cross-entropy implies

a lower chance for an event occurrence. The cross-entropy can be re-written as follows

L= —(ylog® + (1 -y)log(1— ) 3.8

The negative sum of the maximum likelihood produces the cross-entropy in which a low cross-entropy
means the model performs well. In contrast, a high cross-entropy implies that the model is performing
poorly. For example, given some probabilities, the cross-entropy of a set of events is low if the events

are more likely to happen and significant if the event does not occur.

However, a limitation of the categorical cross-entropy function is the considerable memory required to
store variables when the number of inputs is significantly large. The sparse categorical cross-entropy
addresses the encoding challenge of categorical cross-entropy by encoding the targets as integers labels

[29] and computing the loss using the output index as ground truth.
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Conversely, the Kullback Leibler (KL) divergence loss is another multiclass loss function that measures
the differences between various models' probability distribution, with zero divergences indicating

identical models [68]. Perhaps, the KL divergence for two distributions, A and B, is given by

ZA(x) log—— ZA( )-log , discrete distributions
Dy, (A||B) = { 3.49

t—fA(x).log%.dx = fA(x).l g% dx , continuous distributic

The limitation of the KL divergence is that it is an asymmetric function. Therefore, it is not usable in
simple classification problems or for estimating distance metrics. However, it can approximate more

complex functions like the variational autoencoders.

Overall, the loss functions use the maximum likelihood for finding the best statistical estimates of
parameters from training data. The interpretation of the maximum likelihood estimate is similar to
minimising the dissimilarity between the empirical distribution described by the training set and the
model probability distribution using KL divergence. The results correspond to minimising the cross-

entropy of the distributions.

3.11.4 Optimisation and Optimisation Functions

Optimisation is an iterative process of comparing different model solutions to obtain satisfactory
performance. It is helpful to evaluate a candidate's solution by either minimising or maximising an
objective function by altering the values of the functions to get the solution with the lowest or highest
scores, respectively [68]. The loss, error, and cost functions are different terms used to refer to the
objective functions in literature. The standard notation to denote values that maximise or minimise a

function is often outlined with a superscript™ that is for minimisation, the function becomes

x* = argmin f(x) 350
Where x = input. Similarly, the maximisation is the same with the max function used in place of min

x* = argmax f(x) 3.51

However, the optimisation of a function can produce several local minimums depending on the
function's parameters. Still, it can only have one global minimum, which is the point that gives the
absolute lowest value on the parameters. The obtained cost function reduces all the bad and good
aspects of the complex model to a single scalar number that allows for the ranking of the candidate

solution.

Furthermore, the optimisation techniques help improve the speed and memory performance of learning
algorithms [259] and represent one of the numerous ways to improve deep learning models'
performance, as outlined in the literature [260]. Perhaps, there are multiple methods of optimising

models, especially for deep learning applications, including gradient, weight initialisation, data
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augmentation, batch normalisation, and shortcut connections [160]. A summary of these techniques is
presented as follows.

a) Gradient Optimisation

The gradient is the rate at which change occurs over time. It measures the change in the output rate for a
little change in the inputs. On the other hand, gradient descent (GD) outlines whether a function is
decreasing or increasing at a particular point. It is an optimisation method that addresses specific
challenges, especially when the gradient of a loss function with respect to each parameter helps to
obtain the optimal direction to adjust the model parameters. The rate of this movement is determined
when the learning rate is usually denoted by a. The learning rate is fixed to avoid changing too fast,

causing overfitting or the model being too slow to converge. The gradient descent algorithm is given by

ields
e e — “Z—(L, 3.5

Where 6 = parameter, a = learning rate. The first-order gradient computation produces a tangential line
on a given error surface. These gradients are easy to compute and less time-consuming to converge,
even on large datasets. Perhaps gradient propagation across very deep architectures during model
training is challenging, justifying the need to modify the gradient to accept gradient updates. Several
researchers have explored and continue to study techniques to resolve these challenges; the
modifications to the gradient descent algorithm is active research, with numerous novel optimisation

methods and algorithms proposed in recent time.

The batch gradient descent (BGD), also known as the vanilla gradient descent, is the default gradient
descent algorithm that computes the gradient of a loss function with respect to each of the parameters of

the entire training examples 8, before updating the model. The BGD is given by
0=6-1n.Vy]J(0) 3.53

Where the Vg J(6) =the gradient term, n = learning rate, 6 = model parameters. However, a
significant limitation of the BGD is that it is inherently slow and unsuitable for extensive training
examples that cannot fit into the computer's memory and does not guarantee convergence at a global

minimum for convex surfaces [261].

Conversely, stochastic gradient descent (SGD) was developed to address the limitation of BGD. The
SGD resolves these limitations by randomly selecting the following training examples to update the
trainable parameters, enhancing the speed. The SGD helps to take small steps in the direction of
optimality, with the steps being stochastic and guaranteed to get to the minimum[160]. The SGD is
given by

Orr1 = 0:— 1 Vo L(Bt; x(t);y(t)) 3.54

Where x® and y® represents the selected examples, and the other parameters are the same as the

BGD. The advantage brought by SGD is that instead of computing a gradient based on the aggregate
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across the entire dataset, the gradient is based on the data contained in a single batch and continues to
update the loss, batch by batch, until the training is complete. However, a significant drawback of the
SGD s that there is no adaptive way of obtaining the optimal learning rate. It also has the gradients
tending to zero at some point during training, which is not ideal in very deep architectures and does not

scale well on large datasets [262].

Moreover, the mini-batch gradient descent (MGD) optimisation aims to improve the training speed of
deep architectures by performing an update after a mini-batch of training examples is passed. The MGD

reduces the variance parameter updates, thereby enhancing convergence. The MGD is computed as

0 = 06— n -VQ (9’ x(i:i+n); y(i:i+n)) 355

However, there are outlined limitations of the MGD, including that it does not guarantee excellent
convergence and the difficulty in choosing an appropriate learning rate for the model, which is a

parameter of the dataset used in training the model.

Furthermore, the stochastic gradient descent with momentum (SGDM) proposes to speed up the
optimisation process based on the model dimensions. It involves accelerating the process by following
the directions where the gradient is pointing while slowing the path where there is a sign of an inherent

changing gradient. The SGDM is given by
Vi1 = VYV — Nt Vgl (et; x(”,y(”) 3 Ote1 =0 — Vg 3.56

Where y = momentum term, usually set to 0.9, v;,,; = current velocity vector. However, the SGDM
has a drawback because the learning rate is manually optimised, making it dependent on expert

judgement.

Conversely, Nesterov's accelerated gradient (NAG) is another robust optimisation approach that
provides better convergence than gradient descent-based optimisers[263]. The inspiration for the NAG
algorithm is the Polyak classical momentum method of accelerating gradient descent that accumulates
some velocity vectors in the direction of the continuous decreasing objective function[264]. The NAG
algorithm is given by
Vep1 = U0 — €V f(01); 01 =0 + Ve 3.57

Where € = learning rate and it is always greater than zero, u© € [0,1] = momentum coefficient, and
V f(6,;) = the gradient at 8,. The NAG updates are performed as follows

Vg1 = YV — €V (O + uve); 01 =0 — Ve 358
The NAG at first computes the known gradient 6,1, approximates the following steps by choosing an
optimal step size and then moves in the direction of yv;, which represents the past accumulated

gradients, computes the current gradient and updates it accordingly. The NAG has a similar limitation

to most other gradient-based optimisers, as the learning rate is manually fixed. However, the NAG
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optimisers inspired the development of the adaptive optimisers that have their learning rates as a

learnable hyperparameter of the model.

The AdaGrad optimiser is an early adaptive optimiser with adaptive learning rates that update relative
to the parameter updates during model training. The vital features of the AdaGrad include that it
considers every model parameter when selecting the learning rates, thereby making it possible to
increase or decrease learning rates depending on the model features and converges quicker than the
gradient-based optimisers[265]. The AdaGrad modifies the learning rate n at every iteration of time
step t for all parameters 8; based on the past compiled gradients for 6;. The AdaGrad update is
computed as follows

n

t 2
r=19¢

g(t, ) = Vg ] (6r;); Ay,= — -gt 3.59

Where g(t,i) = gradient of the loss function with respect to 6; parameter at time step t, n = global
learning rate shared by all dimensions and the denominator gives the «, norm of all past gradients on
each dimension. Researchers identified the limitation of the AdaGrad as the continuous decay of the

learning rate throughout the learning process [266].

Moreover, the aggressive reduction in AdaGrad was improved with AdaDelta. This new adaptive
optimiser restricts the window of past gradients to a specific size denoted as w to update the learning
rates. The AdaDelta uses the sum of the exponential decaying average of squared gradients to update

the learning rate. The running average is given by

Elg*l; = pElg*li-1+ (1 — p)g7 3.60

Where p = decay constant. The update rule is given by

RMS [Ax]:—4

Ax; = —
‘ RMS [g];

3.61

Where t = time, g = gradient, A = the sum of the numerator terms. The AdaDelta enables automatic
learning rate fixing, lesser computation cost, robustness to noise due to large gradients and automatic

hyperparameter tuning, making it easier to implement than the gradient descent optimisers [266].

Conversely, the root means square propagation (RMSProp) optimiser works similarly to AdaGrad but
changes the gradient accumulation into a weighted moving average. The RMSProp modifies the

learning rate into an exponentially decaying average of squared gradients given by [68], [267]

271 — 2 _ 2. — - -
E[g ]— E[g ]t—l + (1 ]/)gt ’ 9t—1 - Ht E[gz]t+ c -gt 3.62

Where the n = learning rate setto 0.001 and y = 0.9

The RMSProp automatically adjusts the learning rate but has an identified limitation: it lacks the bias

correction term, which causes large step sizes in practical applications, causing model divergence [267].
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Besides, the Adam algorithm is another adaptive moment (Adam) optimisation technique that uses
adaptive estimates of moments of lower-order degrees. Adam offers improved memory, computational
efficiency and invariance to diagonal scaling of gradients and is suited for large-scale parameter
optimisation. It combines the properties of AdaGrad and RMSProp to obtain the first and second-order
moment estimates representing the uncentred variance and mean of the respective gradients. The
gradient 77; (mean) and squared gradient v, (variance) is given by [268]
me Ut
1o T 363

Where 1,8, € [0,1] are the hyperparameters that control the exponential decay rate of the moving

me

averages. The gradient update is estimated directly from the moving averages of the first and second

moments as

_ no

Op-1= 6 — —\/Ft T smt 3.64

Where B, B, = 0.9 and 0.999 respectively and ¢ = 1078, The advantage of the Adam optimiser is that
it converges fast and does not suffer from vanishing gradients. The AdaMax is a variant of Adam
modelled using an infinity norm. It is sometimes superior to Adam in specific applications. The velocity
parameter of the AdaMax scales the gradient inversely to the £,norm of the past gradients v, and

current gradient | g, |? terms. The gradient is given by
v = Boveeq + (1= B2) lgel? 3.65

The AdaMax update rule is obtained as the maximum between the present and past gradients given by

n__
0(_1=06,— —m 3.66
t—1 = M

t
Where n = 0.002, B, = 0.2, 8, = 0.999, and the other parameters are the same for Adam.
Furthermore, the Adam algorithm has been improved in various ways, including rectifying the variance

term. The rectified Adam (RAdam) addresses the enormous variance challenges in the early adaptive

learning rates by reducing the variance of the model parameters. The rectified variance is given by

e — Dt — 2pw 3.67
Poo — D P — 2)D¢

e =

Where the parameter p,, < 4. The authors outlined that the RAdam optimiser produced a comparable
performance to Adam with fewer epochs, making it a faster optimiser [269]. Nevertheless, the Nesterov
accelerated adaptive moment estimator (NAdam) is another improvement to the Adam optimiser.
NAdam is a compound optimisation technique that combines the properties of the NAG and Adam
optimisers to improve model optimisation by modifying the momentum term m; instead of including
the momentum twice. The NAdam update rule becomes [260]

my

U+ €

My — (1— p)ge + terime; 0= 01— 1 3.68
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Moreover, another compound optimisation is the AMSGrad which combines the Adam and RMSProp
optimisers as a moving average optimiser that guarantees faster convergence of learning models.
AMSGrad uses a lower learning rate with slowly decaying gradients than Adam [270]. It also adopts
the maximum of past squared gradients like the AdaMax instead of the most common exponential
moving averages to update the optimiser parameters. The maximum of the past gradients is given by

Uy = max(Ve—q, Uy) 3.69

The AMSGrad update rule is obtained as follows
1
MU+ €

The AMSGrad shows promising results compared to the Adam optimiser, with researchers suggesting

O1= 60— 1 m

3.70

even better performance [270]. Perhaps, the Lookahead is another gradient-based optimisation
technique that improves model performance by iteratively updating two sets of model weights. The
Lookahead optimiser updates the model weights by choosing its search in the direction of the fast

sequence of weights produced by the embedded optimiser. The weight update rule is given by [271]
Orivr = O+ A(L6i—1,d) 3.71

Where L = objective function, A = optimisation method, d = current mini-batch training examples.

Other optimisation techniques include the second-order derivatives, often referred to as the Hessian
matrix approximations, swarm intelligence optimisers and parallel computing. The second-order
optimisers have Newton's method, Quasi-Newton's method, and the sum of functions method [68].
These optimisation methods are inherently faster but computationally expensive, slower to compute,
and not memory efficient. On the other hand, swarm intelligence optimisers are evolutionary, reliable
and quick techniques for finding solutions to optimisation problems, inspired by biological methods of
solving complex distributed computational problems using behavioural approaches of organisms. These
behavioural approaches of ants, honey, wasps, bees, birds, and termites are the inspiration of the swarm
optimisers, with the various biological optimisation methods including particle swarm optimisation
[272], grey wolf optimiser [273], ant colony, firefly algorithms [274], artificial fish swarm optimisation

etc. A detailed review of these optimisation techniques can be found in the literature [259].

Besides, parallel computing is another optimisation technique that improves model convergence by
using multi-core tight coupling of processing units, ensuring low latency between the processor's
computing gradient updates. A popular parallel computing method is the SGD parallelised method,
which improves the SGD optimisation method for deep learning applications[275], [276]. Parallel
computing can be synchronous or asynchronous depending on the configurations, with synchronous
computing affected by slow computers on the network. In contrast, the asynchronous is not affected by

the computer hardware issue. The parallelised SGD is obtained as follows.

v; = SGD(ct, -+, c™, T, n, we) 3.72
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Where T = the number of instances per machine, and the values of i lie between ie1 ---k. The

overall sum of the computer gradients aggregate becomes

v =

x| =

k
Vi 3.73
=1
Furthermore, parallel asynchronous computing provides improved training speed by distributing the
processing to many central processing units (CPU) and graphics processing units (GPU). However,

combining multiple (four) GPUs enhances training speed thrice compared to a single GPU [277].

In summary, the gradient-based SGD has been the dormant optimisation method for deep neural
network applications and has offered good promise since its invention. It has also performed
significantly better than the most adaptive optimisers for prolonged training time to tune the model
hyperparameters [278], while the adaptive optimisers offer improved convergence speed. On the other
hand, the second-order optimisers and the more recent swarm intelligence optimisation methods have
limited applications in deep learning research. However, the latter is still a new research area. However,
it is worth highlighting that no single optimisation technique offers the best performance on converge
speed, accuracy, and model generalisation, thereby choosing the most appropriate optimiser heuristic.
Therefore, a trial of the different optimisers as a model hyperparameter is the only guaranteed technique

for selecting the best optimiser for an application.

b) Parameter Initialisation

The parameter initialisation for neural networks is another vital optimisation technique in neural
network models. It determines the initial weights and biases for the chosen model and the overall
performance of the neural network. Research suggests that deep neural networks have many parameters
and a non-convex loss function response, making them challenging to train in real-time [68]. However,
proper weight initialisation is crucial to training these models to achieve fast convergence [246], [263].
Model weights and biases are essential parameters of the neural networks alongside the learning rate,
which determines how fast the gradient descent algorithm attains the global minimum and defines the

starting point of a training process [29].

Furthermore, it helps the model avoid exploding and vanishing gradients during propagation[157],
[263]. The primary goal of parameter initialisation is to break symmetry within the model's hidden
layers. A proper initialisation ensures that signals are not inappropriately magnified or reduced but kept

under control during the training [33].

Weight initialisation is a research area that focuses on the different techniques researchers adopt to
improve model performance. The early weight initialisation approach includes sparse initialisation,
where units are initialised to a constant non-zero value [279]. However, the arbitrary weight
initialisation can slow down or stall the convergence process entirely due to the small variances

received by the very deep layers, which reduces the back-propagation process during training [246].
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Nevertheless, the Xavier initialisation technique is another weight initialisation approach that uses a
scaled uniform distribution and assumes that the activations are linear to maintain variance across each

layer. The Xavier initialisation is obtained as a random number with a uniform probability distribution
. -1 1

that lies between = and =

normalised weight initialisation method that considers the number of inputs and output to the model's

with n = the number of inputs to the node. The authors also proposed the

node to provide weight that can break symmetry during training successfully. The normalised weight

initialisation also uses random numbers with a uniform probability that lies between V6 and V6
Vyn+m n+m

where n = number of inputs to the node and m = the number of outputs from the node [280], however,
the major limitation of the Xavier initialisation methods was that it assumed that the models were all
linear, while this is not the case when the model has rectified activations and suffers poor convergence

with very deep architectures having over thirty layers [33].

Besides, the early attempt to use Gaussian distribution in weight initialisation saw researchers exploring
the initialisation of model weights using Gaussian distribution with a standard deviation of 0.01 for
weights and the biases set to 1 [157]. This method was not very successful as it suffers from poor
convergence too [33], but an improvement in the use of the Gaussian distribution produced a new

initialisation method for non-linear activations that used Gaussian distribution with zero mean and

standard deviation of \/% where n = number of inputs to the node. This approach named Kaiming

initialisation was successful to initialise the ReLU activations and further improve the performance of

deep architectures.

More recently, a statistical weight initialisation technique using data statistics has been proposed. The
data-dependent initialisation was used to initialise the network and tested on practical datasets. The
authors reported better performance than other initialisation techniques on practical datasets [281].
However, a critical condition is that the learning rate must be fixed across all the layers during the
training, making it prone to prolonged training time. Furthermore, the model learning rate must be set to

a small value to prevent the model from converging at a local optimum level.

Another early initialisation approach was the orthonormal matrix initialisation, where a carefully
selected scale factor accounts for the non-linearity [282]. It is a layer-sequential unit variance
initialisation approach where the orthonormal matrix was helpful to pre-initialise the weight of the
respective convolutional layers, with the first layer output normalised to 1 [246]. The researchers

outlined that this approach performed better than the initialisation from a Gaussian distribution.

Conversely, another recent initialisation technique proposed is the decision trees initialisation technique
for deep learning applications, especially for feedforward networks. This technique involves training a

collection of decision trees and mapping them to a group of initialized neural networks, with the

87



network structure determined by the tree structure. The technique has been used in training predictive
models on complex datasets and produced promising results on regression and classification tasks.
Numerous initialisation methods not covered in detail include the identity matrix technique and the

variance scaling approaches [282].

Research suggests that choosing the uniform or Gaussian distribution does not matter much. However,
the scale of the initial distribution is vital [2], with a more significant initial weight providing a higher
symmetry-breaking effect, avoiding signal losses during the forward and backward passes alongside
exploding gradients. Furthermore, selecting optimal weight and bias parameters alone cannot guarantee
optimal performances. Most importantly, the model behaviour during training is dynamic, and the

parameters are not only the biases and weights but critical for enhanced performances.
3.11.5 Regularisation Techniques

Regularisation addresses the overfitting challenge of the CNN models during model training. It is
helpful to improve the overall performance of learning models [283], reduce overfitting and other
essential parameters in neural networks that enhance model generalisation on unseen data. It achieves
this by altering the learning algorithm to improve its performance by modifying the connections
between sequential network layers to discourage co-adaptation [284]. Different techniques for
regularising deep neural networks include regularisations at the respective nodes, data regularisation,

and loss regularisation. These techniques provide various degrees of model improvement.

a) Loss Regularisation

The loss regularisation involves adding a cost to a model loss. The methods to achieve loss
regularisation include L1 and L2 regularisation. These regularisation methods update the general cost
function by adding an external penalty term. The L1 regularisation has the penalty term proportional to
the absolute value of the weights, while the L2 has the penalty term proportional to the squared value of

the weights. Loss values regularization is added by penalising the large weights, thus

k
A 2121(9)2 374

Where < = weight decay hyperparameter that controls the strength of the regulariser. The regulariser

approach term is often called L2 regulariser, with the regularisation and loss terms combined to give

1 k
L=—Z—lo Sj +/<Z )2
n g(,) 1=1( ) 3.75

The effect of the L2 regulariser is that higher parameters will produce higher errors and would be less

likely to be selected in the final parameter set.
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b) Node Regularisation

Node regularisation involves modifying the parameters of a model node to enhance performance. These
techniques of node regularisation include dropout, dropConnect, dropPath, scheduledDropPath and
BinaryConnect during training. Dropout is the most common node regularisation method used in deep
learning. It randomly omits or drops a subset of activations within each layer during the training of deep
neural networks, thereby preventing co-adaptation of activations. The dropout proposes to reduce
overfitting problems observed during training neural networks with state-of-the-art performances on
supervised learning tasks [241]. The dropout helps determine the number of nodes to omit during model
training and can be applied at a model's input or hidden layers. The authors suggest that dropout can
also be set as a fixed probability independent of other units derived from the validation set of the model

or a specific value of 0.5.

Moreover, the dropConnect is another regularisation method that randomly sets a subset of the model
weights to zero during propagation. It drops the model connections rather than output units, with the
drop probability obtained as 1 — p, making the dropConnect, a sparsely connected layer [285]. The
DropConnect layer output is randomly selected during training with the output given by

r=o((M*W)v) 3.76

Where M = binary matrix encoding the connection information, W = weights, and v = model input.

Conversely, binaryConnect regularisation is another recent technique that explores using binary weights
to train neural networks. For each minibatch, the model randomly picks one of the two values of each
weight, forward and backwards, and propagates it, not during parameter updates [236]. It is a method
that constrains the model weight parameters into two values of either —1 or +1 during propagation. It is
similar to dropConnect but uses Gaussian noise for binary sampling. The BinaryConnect weight is
given by

_ {+1 with probability p = o(w) 3.77
Wb T -1 with probability 1 — p

Where o is the HardSigmoid function, the authors outlined that the BinaryConnect produced state-of-

the-art results on two standard datasets.

Nevertheless, the ScheduledDropPath regularisation technique also improves the existing DropPath
regularisation. It proposes an architecture designed to generalize on specific datasets during training and
afterwards transfer the learned architectures with state-of-the-art results on available datasets [286].
Researchers first proposed transferring learned architectures using genetic algorithms to design deep
learning structures [287]. DropPath first encodes some fixed-length binary string to represent each

network structure and uses genetic approaches like crossover and mutation to search the available
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spaces efficiently. Next, they tested the genetic algorithm on CIFAR-10 and ImageNet datasets with
notable poor performance results. However, they established that deep learning structures are learnable

and transferrable despite poor performance.

Finally, other dropout techniques exist in the literature, including dropPath regularisation, where paths
are dropped stochastically within a cell of fixed probability [284], spatialDropout adds another dropout
layer before the 1 x 1 convolutional layer [288], and entropy regularisation for deep reinforcement
learning models [289], among others. It is vital to outline that the majority of these dropout methods
are only applicable during training to enhance generalisation and avoid model overfitting in most cases;

however, at test time, all the activations are helpful to test the performance of a model.

C) Data Regularisation

The data regularisation involves modifying the data to achieve improved model performance. The
methods of attaining data regularisation include batch training, data augmentation, data normalisation,
etc. Data augmentation is another valuable model improvement technique in deep learning research. It
is a process of sending batches of images and randomly applying a series of transformations on each of
the images in the batch, replacing the initially obtained batches with the randomly transformed batches,
and afterwards using the new batches to train the model. It involves creating more dataset samples with
specific transforms, which helps the model better generalise when deployed to classify unseen data. The
augmentation transforms include image translation, rotations, scaling, shearing and flipping[257]. Data
augmentation is mainly used to increase the size of training examples. Still, researchers have suggested
that it reduces the need for model regularisation, especially in deeper architectures where augmentation

enhances model performance significantly, producing a reduced error rate in model predictions [213].

d) Batch Training and Normalisation

Batch normalisation is another valuable technique for addressing internal covariance shifts in feature
maps. It standardises the inputs to subsequent layers of the neural network during training, improving
the performance of the deep learning models [290]. The internal covariance shift refers to the changes
in the value distribution within the hidden units that limit model convergence by enforcing a small
learning rate [32]. The batch normalisation enhances the training speed of deep neural networks and
model stability. It uses the first and second statistical moments (mean and variance) to normalise the
activation vectors of hidden layers in a DNN. The batch normalisation can be applied before or after the
non-linear activations in a neural network and is mainly implemented as a layer in most deep learning

libraries.

Moreover, the mean (u) and variance (o) of the feature map of the mini-batch are respectively

determined by the batch normalisation layer during training as
1y -0 —ly 7,0 _
p= 2z, 0= —-%7Z U 3.78

The transformed feature maps or activation vectors are then normalised using the relationship

90



norm — W 3.79

Where Z® = input feature map, fogrm =normalised feature-map, e = numerical stability constant. It
ensures that the neuron's output maintains and follows a normal standard distribution across the batch of
samples. The output of the batch normalisation layer is obtained by applying a linear transformation

using

Z=v* Zigm+ B 3.80

Where y and B are trainable parameters that modify the standard deviation and bias of the model,
respectively. The model computes the mean and standard deviation of each batch iteration and then uses
gradient descent to train the 8 and y parameters using an exponential moving average to give credence

to the iteration.

e) Early Stopping

The early stopping technique is another regularisation method used in deep learning models. It is a
simple and effective technique that allows for saving the best model validation weights during training
and returning to the parameters set at a future time with the best weights parameters [68]. This

technique has been one of the most successful regularisation techniques for training deep architectures.

Finally, it is worth outlining that regularisation is a heuristic process that enhances the model's
generalisation ability. Perhaps, since it is heuristic, combining and adapting different regularisation

techniques can achieve optimal performance.

3.11.6 Evaluation Metrics

The model evaluation metrics are parameters helpful in evaluating the performance of a given model.
The metric functions are similar to the loss function; however, the output of the metrics is helpful
during model training [29]. The metrics used to evaluate the performance of deep learning-based
classification models include accuracy, precision, recall, F1 score, false positive rate, false negative
rate, receiver operating characteristics and area under the curve [29], [68]. These metrics outline the

various performances of any given model based on the known model parameters.
3.11.6.1 Accuracy

The accuracy of the model prediction is one of the most important metrics to outline the performance of
a model on a given dataset. Accuracy is a measure of true and false positives in the model predictions.
The evaluation of the accuracy of these models considers two different approaches that assess
performance. The model accuracy describes the ratio of correct predictions to the total number of
predictions. It highlights the proportion of the training examples predicted correctly by the model [68].

Accuracy is given by
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y Number of correct predictions Tp + T,
ccuracy = =
y Total number of predictions Tp+ Fp+ T, + F, 381

Where Tp = true positive, T,, = true negative, Fp = false positive, and F,, = false negative, all obtained
from the model predictions. The rank-1 and rank-5 accuracies are the two classification accuracy
assessment methods found in deep learning classification literature. These different assessment criteria
offer specific advantages that mainly depend on the dataset's size. The rank-1 accuracy in classification
problems refers to the percentage of predictions where the top prediction from a test matches the exact
ground truth label. The rank-1 accuracy is practical when testing classification problems where the

number of inputs is few.

In contrast, rank-5 accuracy refers to accumulating the top-5 predictions from the developed model. All
predictions in the top-5 are considered in the accuracy of this type of model. The top-5 is most helpful
in classifying large datasets with hundreds to thousands of input predictions and has found typical

applications in benchmark datasets [68].

Amongst these accuracy evaluation methods, the rank-1 accuracy was selected to reflect the size of our
dataset, as there are fewer object classes to predict. At the same time, the top-5 accuracy was not

considered as it would be meaningless; there are a few classes and samples in all the test datasets.

Moreover, the model misclassification M is the number of wrong classifications produced by a model.

It is an of accuracy, and it is given by

M =1 - Accuracy 3.82

3.11.6.2 Error rate

The error rate is another metric that is useful to describe the performance of a given learning algorithm.
It outlines the fraction of the training examples that the model predicted incorrectly [68]. The error rate
is like probabilistic outcomes, with values ranging between 0 and 1. An incorrectly classified outcome

gives a loss of 1, and a correctly classified outcome gives 0.
3.11.6.3 Precision and Recall

Precision and recall are other metrics used to evaluate models in deep-learning classification problems.
The precision is the positive predictive value representing the fraction of the correct model predictions
[68]. The relationship gives the model precision

Tp

Precision = ————
Tp + Fp 3.83

Conversely, the model recall is defined as the true positive rate of the model. It outlines the fraction of
true events detected by the model and is often described as the model sensitivity [68]. The recall is

given by
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Tp

Recall = m 3.84

It is essential to highlight that precision and recall are important classification metrics that are most
helpful for evaluating models with an imbalanced dataset. These solely depend on the most important

desired outcome of the model, either to have a low false positive or a low true negative.
3.11.6.4 F Score

The Fg score, often referred to as Fymper 1S @ measure of a model's test accuracy using precision and
recall. It is another metric used in evaluating imbalanced classification tasks and is often referred to as a
harmonic mean of the model's precision and recall. Fg can apply additional weights to the precision or
recall to emphasise the model's precision or recall. The Fg can take multiple weight values depending
on the application, and these numbers can range from zero to small positive numbers. The Fg is given

by [291]

P (1+ B?) X recall x precision 3.85

(B? x precision) + recall

Where the g is the weight factor controlling the recall or precision more heavily. However, the perfect
Fg is 1 highlighting the equal contribution of both the model's precision and recall, and is often referred
to as F; number. The F; number is essential to summarise the performance of these models with a
single number instead of creating the precision and recall curve. This F1 number is the harmonic mean

of the model precision and recall, given by

2 * Precision * Recall 3.86
F1=

Precision + Recall
3.11.6.5 Receiver Operating Characteristics (ROC)

The receiver operating characteristics is another model assessment technique for selecting and
interpreting the performance of binary classification models. It uses the false positive rate and true
positive rate metrics to highlight the relationship between true positives and false positives. It also helps
to visualise a confusion matrix at different thresholds. It shows the proportion of negative classes in a

model classified as positive with the false positive rate displayed on the x-axis.

The ROC curve is obtained by plotting the true positive rate (TPR), often described as the model
sensitivity, and it defines the proportion of positives adequately classified. The TPR is obtained using

the following relationships

TPR= ——— 381
" TP +FN
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The false-positive rate (FPR) describes the portion of the negative classes incorrectly classified in a

given model. The FPR is often referred to as a Type 1 error and is given by

_ FP _ f s s 3.88
FPR = PITN = (1 — specificity)

Conversely, the true negative rate (TNR), often called specificity, describes the proportion of negatives
that a given model correctly classifies. The specificity, also defined as the TNR, is obtainable using the
relationship

TN

= 3.89
TN + FP

TNR

The false-negative rate describes the portion of the positive class incorrectly classified by the model.

The FNR is often referred to as a Type Il error and is obtained using the following relationship

3.90
FNR = TP + FN

Conversely, it is desirable to have a model with a higher TPR and lower FNR to effectively classify the

positive classes and a higher TNR with a lower FPR to classify the negative classes correctly.
3.11.6.6 Area under the Curve (AUC)

The AUC is another binary classification metric used to evaluate model performances. It differs from
the ROC metric in that the AUC gives the average sensitivity for all possible specificity values and the
average specificity values over all possible sensitivity values [292]. A classifier with an AUC of 1
produces a perfect classification of all the classes, an AUC of 0 outlines that the model got all
predictions wrong, while an AUC of 0.5 shows that the model cannot distinguish the classes. The

higher value of the AUC, the better the model performs at classifying the different instances.
3.11.6.7 Confusion Matrix

The confusion matrix is a table used to describe the performance of a classifier when true values are
known. It is a model prediction visualisation tool that shows the model's ground truth and the
predictions in matrix form. It uses the true positive, false positive, true negative and false negative

metrics to visualise the model performance, with the diagonal shaded elements showing accurate

predictions
Predicted negative Predicted positive
Actual negative True Negative (TN) False Positive (FP)
Actual positive False Negative (FN) True positive (TP)

Finally, it is crucial to outline that choosing a performance metric is explicitly dependent on the

application of the model. As researchers suggested, the model's intended behaviour is vital in selecting
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the evaluation metrics. However, since the applications are primarily classification-based models, the
accuracy and error rate parameters are the most valuable metrics. Therefore, these performance metrics

are used in assessing all the models investigated in the research.

The selected architecture will process images and produce a suitable output from the fully-connected
layer. The general model output is vital since it can be probabilistic or non-probabilistic. For example,
the softmax probabilistic output takes a vector of arbitrary real-value scores. Then, it squashes it into
another vector, whose values will range from 0 - 1, with the sum equal to one. The non-probabilistic
output uses the receiver operating characteristic (ROC) and area under the ROC curve (AUC) to outline

the performance of a model.

Overall, the performance evaluation of the deep learning models uses the different metrics outlined;
however, the choice of a metric depends on the application and the desired results. Accuracy and error
rate are the most used metrics in classification problems. The accuracy metric is often the default metric
because it is a single number comparison metric that enhances decision-making on model performance.
On the other hand, precision and recall are two numbers, making them more difficult to compare model
results and the ROC and AUC curves.

3.12 Applications of Deep Convolutional Neural Networks

Convolutional neural networks have found tremendous applications in diverse fields, from developing
models for classifying noisy data, controlling dynamic systems, and recommending and predicting
future actions or events. These applications are found across different domains, including object
recognition, segmentation, object detection, optical character recognition (OCR), natural language
processing, regression, medical image analysis, tracking, robotics, self-driving cars, facial recognition,
smartphones, cameras, and so on [28]. However, CNN is primarily useful in object detection and
recognition, widely modelled as classification problems. However, this myth is because of the state-of-
the-art performance of CNN in classification problems since it was proposed and validated by different
authors in literature[28], [156], [157].

The CNN recognition application includes identification and object classification modelled using
human perception concepts, where some sensing elements are used to capture scenes for interpretation.
These vision systems try to recognise objects by identifying and sometimes localising the objects where
the three-dimensional coordinates of the objects are obtained [293]. Furthermore, object detection is
similar to recognition. The model takes an input image, extracts regions using bottom-up region
proposals, computes region proposals using CNN and finally performs a classification, usually with a
classifier model like linear support vector machines (SVM). The detection system uses feature
extraction techniques to identify regions of interest within the images and uses them to perform object
detection [203].
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Conversely, the regression application outlines the relationships between a response variable (output)
and some predictor variables (inputs). These CNN applications have also found broader industrial
applications in machine fault diagnosis [294], agricultural rocks classification [224], remanufacturing
time of equipment prediction [42], sorting of components for remanufacturing [41], [143], and so on.
Furthermore, optical character recognition is another application of CNNs that has become state-of-the-
art in digit recognition. These models helped recognise banking notes, making it the first commercial
application of the CNN models [156]. The OCR application brought other use cases of the CNN models
in today's legal, insurance and general document digitisation applications.

Furthermore, facial recognition is another very recent application of CNN models where the CNNSs are
helpful in the effective extraction of facial features. Afterwards, these features are combined to achieve
face recognition using CNN [295]. Moreover, the face recognition application has been extended to
smartphones and cameras to identify faces in scenes before capture. Besides, medical image analysis is
another application area where the CNN models have witnessed tremendous success, where they are
helpful in image detection and predictive analysis of various medical data. This application helps

patient diagnosis, drug discovery, precision medicine and predicting protein sequences [296], [297].

Finally, the CNN models have witnessed tremendous applications across domains, as outlined across
industrial applications. These applications are increasing as researchers investigate different techniques
for improving existing computational models across the domain. This trend will continue and likely
birth even more applications of the CNN models. However, it is worth highlighting that the
remanufacturing application of the CNN models is still in the infancy stage. It requires much more

research to establish the extent and benefits that CNN models could bring to remanufacturing.

3.12.1 Inspection Application

Inspection is a quality control technique that identifies product or component non-conformities to
assure quality and reliability [298]. It is a crucial stage in remanufacturing used to assess the economic
value of a product and the reusability and reconditionability of such product [82], thereby enhancing
remanufacturing process and inventory planning [299], [300]. In addition, it determines the extent of
value recovery and reconditioning required to return the used product to "as new condition". Research
suggests that the inspection process increases business profit by minimising the risk of loss for products
that are not remanufacturable before disassembly [309] while mitigating the risks associated with

uncertainty in core quality [301].

3.12.1.1 Inspection Techniques in Remanufacturing

The remanufacturing inspection consists of three stages: core acceptance, part, and final product testing
[62]. These different stages of inspection offer different benefits and address different challenges. The
core acceptance stage is a pre-disassembly inspection that sorts cores uneconomical to remanufacture,

thereby determining the core model, the quality or identification of vital indicators that suggest its
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remanufacturability [94]. Conversely, the part inspection is a post-disassembly inspection that removes
unusable parts of the product and confirms that the parts are reusable. It includes all forms of inspection
performed during the remanufacturing process up to the reassembly before the final testing. Finally, the
final product inspection ensures that the product is in complete working order and meets the desired

quality before the warranty is placed on the product.

Moreover, there are three different methods of performing an inspection in remanufacturing, including
manual inspection, automated inspection, and semi-automated inspection, also referred to as hybrid
inspection in some literature [302]. The manual inspection involves human experts checking for defects
and deciding to reject, rework or accept the product. Since its inception, manual inspection has been
characterised by low quality and slow output. These inspection cells are usually integrated into the
functional remanufacturing workshop floor [303] for easy core classification and to determine the
extent of the core deterioration [304]. Perhaps, early research outlines that vision-based inspection
systems are expensive to develop and deploy and further highlights that the primary driver of
automation is the error-prone and slow expert inspection outcomes due to the massive production
volumes, requiring 100 percent inspection, longer inspection time, and the high litigation costs if faulty

products are delivered to customers [302].

Conversely, the hybrid inspection explores automating some of the tasks involved in the inspection
instead of having experts perform all the activities. In contrast, automated inspection systems use
sensors to capture process data, process the sensor signals, and classify based on the sensor data. The
automated inspection does not include manual activities or human experts in the inspection process,
with the two early inspection methods including feature matching and image subtraction [302]. The
image subtraction matches a recorded image against a perfect image for similarities. However, the
subtraction technique has minimal applications and is usually slow. In addition, some parts do not
always match at end-of-life due to usage wear, making it very difficult to deploy in remanufacturing

applications.

Similarly, the feature-matching approach compares selective features and the features corresponding to
the perfect pattern. The feature matching approach is called local feature extraction or template
matching. Perhaps, another approach to automated inspection includes the learning model approach,
where a neural network is used to create a computational model that automatically learns the patterns in

the data without human interference.

Nevertheless, researchers have adopted different techniques while developing systems for deployment
in remanufacturing inspection. The methods include the metal magnetic memory technique, visual
inspection, Taguchi method-3 pattern recognition, FUZZY Technique for Order Preference by
Similarity to Ideal Situation (FUZZY TOPSIS), etc. These inspection methods are discussed in detail.
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Firstly, the metal magnetic memory (MMM) is a non-destructive inspection technique helpful in
evaluating the degree of damage to cores, interfaces and coatings of components and products in
remanufacturing. The method's advantages include cheap and quick implementation and not requiring
data preprocessing, making it suitable for evaluating early damages on cores for remanufacturing.
Furthermore, it can assess different fault types, including crack length, plastic deformation, stress
concentration and fatigue life of ferromagnetic materials [305]. This technique considers the MMM

signals induced by the component damages, applied stress and frictional wear.

Besides, using the MMM has witnessed researchers investigating the MMM inspection technique for
predicting the residual life of structural cores [306]. Researchers demonstrate the potential of MMM in
detecting micro and macro-crack and predicting the residual useful life of a core, which is necessary to
ensure that reused cores do not have inherent faults capable of causing premature failure. The MMM
are particularly useful for detecting sub-surface faults in cores and have helped detect damage in
remanufactured coatings using plasma transferred arc welding (PTAW) [307]. However, this method
detects only crack faults on ferromagnetic materials, making them unsuitable for inspecting non-
metallic materials, thereby limiting the use of MMM methods alone to achieve automated inspection

without incorporating other techniques to inspect non-metallic cores.

Secondly, the Taguchi method-3 pattern recognition technique is another helpful method to identify
features that enhance pre-processing inspection. It is a Mahalanobis-Taguchi System (MTS) technique
that uses Mahalanobis distance to recognise multivariate data patterns and is implemented for
inspecting automotive crankshaft remanufacturing [63]. The MTS approach has also been helpful in the
diagnosis of freshwater quality to determine carbon steel corrosion [308]. However, the Taguchi system

only applies to quantitative data, limiting the application to process having historical quantitative data.

Thirdly, the FUZZY method is a multi-criteria decision-making approach applied across domains to
select and rank alternatives based on the weight of the criteria. Researchers highlight that the FUZZY
method has a common characteristic: multiple objectives and multi-criteria usually conflict with each
other [309]. It is another recent inspection approach extended to remanufacturing using the FUZZY
Technique for Order Preference by Similarity to Ideal Situation (FUZZY TOPSIS), proposed as a
valuable technique for selecting and ranking several possible alternatives using Euclidean distance
measurement [310]. The principle assumes that the chosen inspection option will have the longest
distance from the perfect negative solution and the shortest distance from the ideal positive solution.
This inspection model uses core and component dimensions such as diameter, height, length, surface
roughness, groove thickness, and other parameters to optimise the selection of used engine pistons for
remanufacturing. However, the technique is complicated, as the majority of the product data is not
inherently available, making it difficult to adopt in the remanufacturing context where there are

heterogeneous products with different dimensions.
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Finally, visual inspection is another NDT method that uses optical signals from a connected camera to
perform product inspection. The cameras, lenses or mirrors produce images, which are a projection of
three-dimensional (3D) scenes of the world points to two-dimensional (2D) points of known intensity
value. These images represent the visual objects, scenes or persons produced by optical devices. Visual
inspection is closely related to the image processing field of research, where scientists crave to extract
possible information from captured images using computers. It involves three basic steps: importing the

image, analysing or manipulating it, and predicting an output.

Perhaps, the image properties are modified to perform any form of image processing, highlighting the
key features to be adjusted, including the noise and contrast [311], thereby helping to improve the
guality of the images and enhancing object recognition from the scenes. However, low-level image
processing is computationally expensive and time-consuming; thus, the need to use optimized hardware
and software to enhance the processing time of the image processing system. To achieve this, the use of
advanced computing systems that would implement these algorithms, with sizeable random access
memory (RAM), central processing unit (CPU) and graphics processing unit (GPU) upgraded to meet
the expected results, is recommended [312].

However, the aim of image processing can be summarised: detect interest regions and points, usually
referred to as features points within images, and process the information using those features, saving
resources including memory storage spaces, transmission time and bandwidth for networked devices,

thereby producing optimal results from the available big data, obtainable in real-time systems.

These processing actions perform different forms of transformation on the image data depending on the
capability of the developed algorithms, including image-to-image modifications like image
enhancement, image-to-information transformations like feature extraction and pattern recognition, or
information-to-image transformations like image reconstruction to produce the desired goals. These
transformations help practitioners and developers to focus on specific aspects of the project for

enhancement using various technologies.

Moreover, computer vision and machine learning are increasingly finding applications in different
industries. They have achieved state-of-art in these new applications, including image analysis,
classification, recognition, video analysis, natural language processing, and even recommender systems
[28]. The remanufacturing application of this modelling technique has witnessed researchers
investigating the use of image data for modelling remanufacturing inspection to obtain an automated
visual inspection system for remanufacturing [137]. They used the Gaussian mixture model to train a
machine learning-based inspection model to assess high-value components' surface corrosion [137].
Although this method successfully categorises corroded and non-corroded areas of tested engines, it
was only able to detect one type of surface fault, making it unsuitable for holistic inspection of typical
components in remanufacturing; that return multiple defects. Besides, a remanufacturing inspection

application was also explored by researchers using ensemble learning, where automotive constant
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velocity joints were investigated and classified only wear defects [313]. This application is also limited

by the number of faults evaluated.

Nevertheless, these existing inspection technology requirements complicate the inspection process,
requiring new and more effective solutions. Hence, developing novel systems and algorithms that could
enhance and optimise the inspection approaches becomes a research gap for improving inspection in

remanufacturing.

3.12.2 Sorting Application

Sorting is another crucial stage of component remanufacturing where parts of a product or returned EoL
products are identified and classified. It is usually performed at different remanufacturing stages,
including pre-disassembly, during remanufacturing and post-remanufacturing stages. The use of deep

learning models in remanufacturing sorting is outlined as follows.

3.12.2.1 Sorting Systems in Remanufacturing.

Convolutional neural network models are architectures used in deep learning research to investigate
learning grid-like patterns from data. These models have been explored in various applications.
Researchers investigate the application of CNN models for sorting, especially image recognition and
object detection, which ranks among the most researched problems in computer vision and machine
learning. Machine learning enables computational models to obtain high-level features in data
automatically. In contrast, computer vision research enables visual object recognition from historical or
real-time data. These fields support well-defined modelling approaches, especially computer vision
problems where models are described in three well-defined pipelines, including the pre-processing,
feature description and correspondence [314]. Besides, the design of sorting systems has adopted
similarly defined pipelines in the different sorting approaches as researchers propose and justify their
design methods. These design techniques include the use of the keypoint-based approach, the rule-

based approach, the radio frequency identification, and the vision-based approach.

The keypoint-based approach is a low-level image processing technique where the local gradient
information of an image is helpful to obtain features, also referred to as keypoints. It uses the changes in
the image pixel local neighbourhood characteristic to obtain the key points used to describe the contents
within an image. The keypoint feature extraction research has witnessed massive research over the
years with several algorithms, including the histogram of oriented gradient (HOG) [149], scale-
invariant feature transform (SIFT) [147], speed-up robust transform (SURF) [148], the Implicit Shape
Model (ISM) and the Oriented FAST and rotated BRIEF (ORB) algorithms [315], to mention a few.
These algorithms differ in their feature computation method, with the SIFT algorithm convolving

images with different scales of Gaussian filters and approximating the Laplacian of the Gaussian using
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the Difference of Gaussian (DoG) technique. The minima and maxima of the obtained DoG are used as
the SIFT key points.

Furthermore, the ISM technique is another feature description technique that uses a probabilistic
recognition framework to obtain a category-specific segmentation. It is similar to the SIFT algorithm
with a two-stage recognition approach that combines recognition and segmentation into a common
probabilistic framework. The ISM recognition pipeline uses image patches extracted around interest
points, compared against the Codebook, with matching patches casting a vote of probabilities to
produce the object hypothesis. The object hypothesis is then refined to compute the category-specific
segmentation [316]. The ISM model has numerous models for recognition that have been applied across
domains in object recognition and tracking [316], [317]. Besides, the other keypoint based technique is
the oriented FAST and rotated BRIEF algorithm, which combines a key point detector FAST, and the
BRIEF binary feature descriptor to provide a robust, fast and free alternative to the patented SIFT
descriptor, which is a computationally more expensive keypoint descriptor, for recognition and sorting
applications [315]. However, an identified limitation of the keypoint-based feature extraction is the
inherent time consumption and difficulty in designing the detectors since they are hand-crafted designs

and require profound domain knowledge to develop a sorting system based on the models.

Conversely, the rule-based decision technique is a sorting method developed mainly for the automated
identification of components for remanufacturing, proposed to reduce the challenges of the keypoints-
based design method. The rule-based method is more straightforward to design than the keypoint
method. It uses a recognition logic consisting of identification numbers, barcodes, and other inherent
features like dimensions, weight, visual appearance, and volumetric representations [41]. These systems
consist of a camera unit, a weight scale to obtain the input data to the system, and a vision classification
algorithm that processes the images for the rule-based decision system. The parts are sorted into
remanufacturable parts, recyclable parts and waste. The authors outlined that the rule-based sorting
system could identify objects to an accuracy of 96% on the dataset used to train and test the design.
However, a unique challenge for deploying the rule-based sorting system is that the automation
provided by the system is time-consuming, as the returned cores are first tagged with bar codes before

passing them to the sorting system.

Nevertheless, radio frequency identification tags (RFID) is another sorting method identified in
remanufacturing. The technique uses RFID, a wireless communication technology that allows systems
to read and identify distant electronic tags without requiring a battery in the tags [318]. The tags gather
information about an embedded product, store and transfer relevant product data through an effective
communication system that is processed to ascertain the product conditions. These devices used to
gather data through this method is often referred to as product-embedded information device (PEID)

[5]. This method offers crucial benefits compared to the rule-based approach that uses bar codes to
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gather and process product data quickly and accurately, alongside performing well in significantly harsh
environmental conditions. However, a limitation of the RFID sorting system is the inaccuracies arising

from missing data and reading errors, which makes them unsuitable for most applications [319].

Moreover, the learning-based sorting systems use machine learning models to recognise end-of-life
products from video streams, thereby enhancing waste stream management [320]. This technique
considers sorting product streams where the incoming items are recorded and recognised automatically,
thereby predicting the required process for each sorted product. It primarily uses computer vision
pipelines that require product pre-processing feature extraction. Pre-processing refers to the initial
image conversion, resizing, denoising and normalisation, among others, while the feature description
stage involves the identification of the interest points in the reference images, as well as the
correspondence, where the input images are classified using the interest points also referred to as
features[314].

The learning-based model design mainly uses convolutional neural networks (CNN), modelled as a
supervised deep-learning problem where labelled data are used to train these predictive models. The
learning approach has become very successful lately due to more efficient graphics processing units
(GPU), improved optimisation methods, activation functions, regularisation, and augmentation
techniques to generate more training examples and speed-up model training [28]. These improved
developments have made CNNs, the dominant approach for recognition and detection tasks. Moreover,
the advantages of the learning-based techniques include that there is no manual feature detection and
extraction compared to the keypoint methods. They also do not suffer missing data as the RFID
methods and do not require the bar codes like the rule-based techniques. These advantages support

exploring the learning-based models as suitable for automating remanufacturing sorting.

3.12.3 Process Control Application
The process control application explores the use of deep learning algorithms for remanufacturing
process control, especially the torque converter post-cleaning process, that aims to remove the

contaminations on the surfaces of the cleaned Eol products.

3.12.3.1 Process Control Methods in Remanufacturing

The process control application enhances the inspection and repair of damaged components, improving
their outlook. The cleaning process is also essential to develop automated processes during
remanufacturing. Cleaning is a very complicated and costly process, identified as the second most
expensive remanufacturing process after disassembly due to the inherent costs of detergents, machinery
and electricity to put the machines to service[10]. The process generally consists of machine-assisted or
semi-automated and manual cleaning processes, which are time-consuming and labour-intensive.

Nonetheless, researchers have identified a significant concern for cleaning systems in measuring
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cleanliness [10]. In most industries, cleanliness is an expert judgment-based task, which depends on the
worker's experience and the post-cleaning inspection is another manual process. The automation of the

post-cleaning inspection is the focus, where vision sensors are used to verify the cleaning status.

Besides, this application aims to automate the process control by using convolutional neural networks
to model and assess the post-cleaning process output of an automated cleaning system. It is achieved by
obtaining data about the expected cleanliness condition, training a deep neural network model to
classify the cleaned objects, and using the obtained output to control the subsequent processes.
Researchers suggest that most quality inspection investigations focus on the surface detection of
component issues while paying little attention to the process and control factors [321]. The
consideration of the process control factors births a new remanufacturing application that explores deep
convolutional neural networks for achieving process control in remanufacturing. This control approach
is described as soft sensors in literature [322], [323]. Experts manually examine the torque converter
system's post-cleaning inspection, with this method being an expensive inspection approach. An
alternative decision-making tool is proposed to achieve the same result or even better. The CNN model
decides the next process for activation, enhancing the system's post-inspection process and overall
productivity.

Conversely, process control is crucial in industrial applications to ensure that the quality of products
meets expectations and achieves consistent processing quality [324]. As remanufacturing aims to return
used products to as-new conditions with a warranty, the differing quality of these end-of-life products is
a crucial challenge, most significantly, to provide tools that can automatically assess the products'
conditions quickly. Besides, novel technologies have been developed to automate various
remanufacturing processes, namely disassembly, cleaning, inspection, sorting, reconditioning, and
testing, to improve process efficiency. However, most of these technologies cannot handle substantial
quantities of process data, making the traditional methods requiring prior knowledge of the systems
impractical [325].

Nevertheless, emerging technologies like deep learning algorithms can unlock the various use cases of
different technologies, primarily to achieve end-to-end digitisation of physical assets. Industry 4.0
represents the fourth industrial revolution. It increasingly enables the use of data to create higher value
and customer benefits by connecting organisations, resources, and products alongside enhancing
availability[15]. Nonetheless, process control technologies are a vital aspect of the industrial revolution,
improving remanufacturing.

Besides, there are two process control forms: the data-driven models and the model-driven (first-
principle models) [322], [326]. The model-driven control describes a process's physical and chemical
backgrounds and uses the ideal steady-state process conditions in the model development [326]. In

contrast, the software control uses computational models and historical process data to reflect real-time
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conditions in modelling processes. These different techniques provide various benefits based on the
application. However, in industry 4.0, process automation has gained wider acceptance as more sensors
and actuators are installed in process plants to gather process data, generating massive process data
[325]. As these big data are obtained from the processes, it becomes paramount to develop tools and
technologies that can leverage them to make insightful decisions. These technologies and tools include
proportional integral derivative (PID) controllers, multivariate statistical analysis methods, and model-

data integrated techniques [325].

PID control is the earliest and most successful technology for process-based industrial applications. It
uses quantitative measurement methods where the input-output measurements from the plant and some
controller parameters are adapted to achieve process control [325]. These process variables are good
feedback loops to determine product quality rather than its product. This technique makes the PID
control mainly used in most manufacturing applications. However, the online measurement of critical
process variables has been identified as a significant limitation of the PID control method due to their
economic (high cost of the sensing systems) and technical limitations [322], making them unsuitable in

most remanufacturing applications.

Nevertheless, statistical control is another process control approach that depends on product usage data.
These process data are described as data-rich but information-poor [327], with researchers suggesting
that latent variables are suitable for characterising low-dimensional subspaces in such a scenario. The
principal component regression and partial least squares are the most used approaches for managing
industrial data correlations [322]. However, these methods are also limited since it requires vast
amounts of data for proper generalisation. Furthermore, they can also provide tremendous benefits at
the core collection stage, where product usage data help determine the remaining useful life of the
product before core acceptance for remanufacturing. Besides, as the product usage data are not
inherently available in remanufacturing [111], this constitutes a barrier to using the statistical
approaches to adequately monitor and analyse the sensor measurements over time, making the

statistical methods more useful in manufacturing applications.

Conversely, the data-driven measurement technique also uses historical data to control processes. The
data-driven techniques often referred to as soft sensors in literature find practical applications in
processes with massive historical data that can be used to model the soft sensor. These deep learning
architectures consist of multiple layers of parameterised non-linear functions; the algorithms achieve
better generalisation for highly dynamic non-linear systems [328]. The ability of deep learning
algorithms to represent these highly dynamic functions is an attraction to the remanufacturing industry.
The algorithms have also become the state-of-the-art method for modelling data-driven control systems,
with applications in crude distillation [322], bioprocess fermentation [323], and other industrial cases

already investigated.
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Nevertheless, one of the practical difficulties encountered by soft sensors is the gradual degradation of
the predictive accuracy of the systems due to changes in the state of the process, parameters and sensor
drifts. These challenges are overcome by the adaptive nature of neural network weight updates after

each training batch, ensuring optimal performance [329].

Perhaps, as the process data from the connected sensors increases due to the ever-increasing need to
enhance the monitoring and control of systems, and processes, better decision-making tools that support
insightful decisions using the process data become inevitable. Exploring the methods for using process
data for process control involves developing and deploying computational models that can process
these data to make insightful decisions. For example, soft sensor systems have been helpful in fault

detection, process monitoring, and online prediction [326].

However, the remanufacturing processes have witnessed the software and hardware controls used to
automate the laser remanufacturing process. The application has an embedded piezoelectric sensor,

infrared thermometers, and a PID controller used in the design [330].

Nevertheless, to the author's knowledge, no standalone soft sensor applications are documented for
remanufacturing processes; therefore, exploring these alternative qualitative controls for industrial
remanufacturing applications is critical for enhancing various remanufacturing activities. However, the
primary concern for soft sensor controls is the substantial computational cost of processing (training)
the models necessary to achieve the control. They inherently apply to deep learning, computer vision,
and other learning-based models that use high computing power to process the application's data. This
limitation is often avoided by training the model once and deploying the trained model with the trained
weights, with model retraining scheduled when there is a significant increase in the recorded process
data.

3.13 Chapter Summary

The chapter provides an overview of remanufacturing the benefits, alongside the productivity issues in
remanufacturing. The existing remanufacturing practices and limitations were reviewed to understand
the current challenges and outline the technology-based solution in the deep learning modelling. It
further reviews various deep learning modelling parameters, including activation function, optimisation
techniques, regularisations, loss functions, and evaluation metrics, among others, thereby improving the
understanding of the deep learning models. Finally, the technology's suitability was discussed alongside
the deep learning architectures, evolution, components and applications of the deep convolutional
neural network models, closing the gap in understanding the level of deep learning deployment in

remanufacturing (Q1) and theory (Q3).
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CHAPTER FOUR
MODEL DESIGN AND APPLICATION TO INSPECTION IN REMANUFACTURING

4.0 Introduction

The previous chapter presented the research design and the model choice and requirements. This
chapter outlines the conceptual and actual design, frameworks for deploying deep learning models,
dependencies, dataset preparation, model design considerations, development, and testing of the
models. It also includes the model development assumptions used in the model design and details the
interactions between the layers of the architecture during training/learning. This chapter answers the
(Q3) question on developing new deep learning models to improve remanufacturing and applying the
model to component inspection in remanufacturing (Q5). It compares the developed model to a state-of-
the-art VGGNet architecture to evaluate its performance and applicability to two remanufacturing

inspection applications. Finally, the in-case results and analysis are evaluated for proper deductions.
4.1 Background to the Modelling and Development

The modelling and development stage is an essential part of the investigation. It involves numerous
activities that support the research's final goal, which concerns modelling and evaluating various
remanufacturing processes using deep learning. The model design approach explores modelling the
remanufacturing processes as a deep learning problem and analysing the results. Deep learning refers to
the process of learning patterns from raw data without being explicitly programmed [28]. The

modelling involves two activities which include

e Developing a learning algorithm.

e Performing the classification.

First, a learning model is a function that constructs a classifier given some examples and their classes.
In contrast, a classifier is a function that, given any inputs, assigns the input to one of the provided
classes [331]. The learning algorithm is also described as the computational model in the thesis. The
existing remanufacturing application of learning models for object recognition applications was
modelled as regression problems and used to classify cores and parts of a remanufacturing process [42],
[63], [137]. However, other approaches to modelling machine learning problems besides regression
include classification and Bayesian optimisation problems. Hence, the sorting, process control and
inspection applications are explored as a classification problem while evaluating their respective
performances. The respective activities of the model development are divided into six main stages, as

outlined in Figure 18.1, showing the sequence of steps to obtain the model.
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Figure 18.1 Model development stages

Furthermore, the data collection stage is where the videos of samples used for the research were
collected. This process was discussed extensively in Section 2.7. The data preparation, processing,
training, testing, and evaluation are other stages of the model design that make crucial decisions about
the computational model. The preparation and pre-processing involve converting the data to images,
resizing the images where necessary and creating the image split for training, validation, and testing of
the model. The training stage outlines learning the features from the data and saving the best model
weights for reuse. The evaluation and testing stage outlines the model's performance on the data and
possible needs for improvement. The deployment stage is the final stage of the modelling, where the
models are used in a real-time process for achieving process automation. The core model development
and selection involve creating the computational algorithm, setting the initial hyperparameters and

selecting the appropriate architectures for specific applications.

Conversely, the model consists of the convolutional neural network algorithm, kernel filters, pooling
layers, activation function, loss function, and optimisation algorithm. It also includes other layers:
stride, padding, flatten, dense, dropout, batch normalisation etc. Detailed discussions on the respective
model development, frameworks and model parameters are presented in Sections 4.5 and 4.6

4.1.1 Modelling Remanufacturing Processes

The first step in modelling the research application of deep learning models to remanufacturing is to
decide the type of problem that the algorithm would model. The decision is solely informed by the data
type described in Section 2.8. The data for the research is solely qualitative image data; therefore, the
deep convolutional neural network algorithm developed is modelled as a classification problem.
Classification models have two main components: the scoring function that maps the raw data to
specific class scores and a loss function that measures the agreement between the ground truth and the
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predicted labels. This classification problem is afterwards framed as an optimisation problem where the
loss function is minimised with respect to the parameters of the scoring function. The algorithm is a
data-driven model that depends on the vast collections of labelled research data that help train the

model.

4.1.2 Model Development Boundaries

The research requires the data of the respective processes for adequate modelling of the processes. The
inspection, sorting, and process control application data were recorded, labelled, pre-processed, and
afterwards used to train a supervised deep convolutional neural network. The supervised learning
algorithm is already defined as a computational model or function that constructs a classifier, given a
set of examples and their classes. In contrast, a classifier is a computational model or function that,
when presented with sample input, predicts or assigns the sample to one of the known k — classes
[331]. These definitions further highlight that the developed model is adaptable to make future
predictions without holistic changes or modifications to the model. The most crucial goal of the
developed model is to find the best classifier that sufficiently predicts an output with very high accuracy
on unseen examples. Using these labelled process data provides the boundaries of the research to

supervised learning modelling for all the processes and algorithms investigated in the research.

4.2 Research Model Design

The research model design is grouped into two stages: the conceptual and the actual models. The
conceptual model for the research is depicted in Figure 4.19. It consists of the cameras (vision sensors)
used to record the images of the process, the control scripts to capture image frames, and the

computational model to process the images and predict the outputs used to control the process.

Process .| Camera - Computational model Outputs
(images) g and control script

\ 4

Besides, the actual model outlines the implementation approach of the remanufacturing application of
deep learning models. The design outlines the considerations, including storage facilities, transport, and
sensor systems. The other design components include the functions that pre-process the data, train the
model, and make predictions using the provided metrics and various evaluations performed in the
research. Another vital function is the time delay, which helps manage the transport system's speed for
the model to predict the output. The time-delay function helps to control the number of objects the
camera sees at any point as it controls the speed at which components reach the point of capture. The

actual model design is shown in Figure 20.
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The code development of the design is grouped into layers depicted in the block diagram of Error!

Reference source not found.. The layered structure simplifies the model code development into

specific functions where the designs folder contains all the test codes for testing the model and analysis.

Furthermore, the trained weight folder contains the serialised weights obtained after training the model,

while the remanAl folder contains all the other functions, including the CNN design contained in the

models, the algorithms used to operate the camera for data collection and split contained in the

functions, the pre-processor function used to resize and convert the data into array for loading alongside

an external datasets folder containing the datasets for the three application with their corresponding

labels.

Designs

Test remanAl trained surface Water Sortin
codes weights Defects Detection g
[ I I | |
i Data i
Design Models Preproces Functions ngght
codes loaders sors files
data Four Preproces Different
loader models sing codes functions

Furthermore, the code tree view of the model code development is shown in Appendix 1. The parameter

names in blue represent the folders described in Appendix 1, while the executable code functions have
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the (.py) extension in the file outline. The dataset and the model analysis folder contents are

intentionally hidden to save space, as the contents are massive for display.

Conversely, the tree shows the functional groupings of the codes developed and used to achieve the
model presented in the research. The groups include the data loader group that contains the necessary
commands to load the data and functions containing codes for recording the data, converting it to
images and splitting the data. The Pre-processing contains commands primarily used for data splitting,
resizing and reshaping alongside the model folder containing the developed neural network algorithms

for the research. The frameworks for developing the models are described in the following section.

4.3 Frameworks and Tools for Deploying Deep Architectures

The design of a computational model involves writing the codes to achieve the properties of the chosen
mathematical model. The existing tools useful for code development include Python software [332],
MATLAB software [333], and R-software [334], among others. Besides, there are also major deep
learning libraries and packages developed to enhance the ease of code development, including Caffe
[335], Pytorch [336], Keras [337], MXNet [338], and TensorFlow [339] etc. The use of these libraries
witnessed most of the deep architectures, modelled as black boxes in multiple-layer networks, hindered
quality checks and interpretations at specified points within the data. However, deep architectures are
powerful computational models that can quickly learn and represent patterns in high-dimensional data
like images, texts, numeric and voice data. The need to understand these models' workings is

paramount, and this research further adds to the understanding of these models.

Nonetheless, Python's software for developing the research models is an open-source software that
helps developers create and integrate systems easily [293]. Python was chosen because it eliminates
software licensing costs and has broader community support when there are code bugs. It is free and
compatible with almost all systems, making it suitable for deployment on most computers. It has
numerous valuable libraries of functions instead of re-investing all the functions needed in an
application. These libraries are included and used in the model development. The model development
dependencies include all existing libraries not developed during this research and other open-source
libraries, including Keras, TensorFlow, Argparse, Scikit Learn, Matplotlib, Seaborn, os, NumPy, and

OpenCV, among others.

Besides, the specific function of the libraries includes NumPy for numerical calculation and Argparse to
run command-line codes while selecting the specific files at the exact location and passing other code-
specific variables required for the algorithm to run successfully. In addition, TensorFlow library
provides deep learning-specific libraries, including activation, dense, flatten, batch normalisation,
conv2D, Maxpooling and Keras. Furthermore, Matplotlib and Seaborn provide the model responses;

OS helps find the paths to load data and save the trained model. Furthermore, Scikit Learn provides
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split functions and evaluation metrics, and OpenCV provides image processing functions. The method
for importing these dependencies is outlined in the architecture design codes in Appendices 2A, 2B and
2C.

Nevertheless, deploying and training deep network architectures is usually a tedious task primarily
because of the enthusiasm shown in computer vision and beyond. Moreover, replicating the state-of-
the-art research results in deep network-based systems has been identified as one of the most significant
challenges for researchers. Therefore, developing tools for deploying deep networks is a core research
area. The early frameworks or tools developed include Torch7, Keras, MATLAB Neural Network
Toolbox, TensorFlow, MXNet, Microsoft Cognitive Toolkit and many other new application
programming interfaces (API) and tools developed to date. Finally, TensorFlow and Torch7 were the
final toolkits considered. They were developed with Python integration; Torch7 is a framework for fast
numerical computation with a straightforward extension of its capabilities with library functions
developed in Lua scripting language, implemented as a library written in clean C [340]. It can run on
CPU and GPU, with the capability to train new architectures of deep networks. However, researchers
highlighted its limitation that Torch7 is primarily helpful to prototype models but not for deployment

[335], leaving TensorFlow as the final choice for developing ad deploying the research models.

Besides, TensorFlow is another end-to-end, highly scalable machine learning library used for deploying
deep learning models in mobile, internet-of-things and production environments. It supports the
modelling and experimentation of various machine-learning algorithms. It has found applications from
research to industrial practitioners using TensorFlow and its application programming interface (API)
for solving complex problems, including image classification, machine translation, speech recognition,
and hardware optimisation [341]. The development of these computational tools has aided clear and
convenient access to deep architectures, exploring novel training algorithms optimisation techniques
and providing faster testing and deployment of deep learning-based models [335], [341]. The
TensorFlow library was chosen because it provides an easy pathway to developing, testing, and

deploying computational models, thereby reducing the burdens associated with model deployment.

4.4 Data Representation, Preparation and Pre-processing

The array structure is the primary data representation in neural networks, often called tensors. These
tensors are usually matrices helpful in representing the inputs and outputs of the given model. Besides,
there are two data representation forms: scalar and vector representations. The scalars are single
numbers or tensors, described as rank-0 tensors having zero dimensions. In contrast, vectors are an
array of numbers used to represent the parameters of a system. These vectors' dimensions range from
one-dimensional (1D) quantities to n-dimensional quantities. A one-dimensional quantity is often
referred to as a rank-1 tensor, two-dimensional quantities (2D) as rank-2, three-dimensional tensors

(3D) as rank-3, four-dimensional (4D) tensors as rank-4 and up to five-dimensional tensors(5D) as
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rank-5. The typical deep learning applications use image data, 4D data consisting of samples, height,
width, and channels, and 5D video data of shape parameters, including samples, frames, height, width,

and channels [29].

Overall, these utilities grab the data, process the images using the data processor function, load the data
using the data-loader function, convert the data to an array using the image-to-array processor, and
finally rescale the pixels to lie between the values of 0 and 1. These utilities are required for all the
applications developed in the research, and they ensure that the data becomes helpful in the learning
algorithm. Nonetheless, the data for the classification model had a shuffle included before the split to
ensure that all the samples in the training set appeared in the validation, ensuring that the entire class of

data was randomly selected and used for the training of the models.

Conversely, data preparation is a critical stage of the research because understanding the pixel-level
components of the image is necessary. Images are a multi-dimensional grid of values often referred to
as picture elements or pixels. These pixels are the building blocks of images and represent the intensity
of light in an image. Images are generally described by three parameters: width, height, and depth. The

width parameter of an image represents the number of columns in the multi-dimensional matrix.

In contrast, the height parameter refers to the number of rows, and the depth represents the number of
channels in the image [257]. Furthermore, these images are represented differently, with the grey-scale
and colour images being the most common formats. The primary differentiation between the two image
formats is the number of channels in the image, whereas grey-scale images have one channel
representing the depth. The colour images have three channels representing depth. The grey-scale
images have pixel values ranging from 0 as black to 255 as white, and the darker pixels are found close
to 0. In contrast, the coloured images have three channels represented with the red, blue, and green

(RGB) colour space and other colour spaces that specify different ordering approaches for the pixels.

Besides, image understanding and contents remain a vital challenge to researchers, with various authors
exploring image kernels which are small filters helpful in applying various effects on images through
the convolution operation [257]. These kernels are specially designed filters that perform pre-assigned
effects on an original image. Then, the neighbourhood pixels of the image are convolved with the
kernel to obtain an output, which is the x-y centre coordinate of the kernel. The kernel effects
applicable to images include blurring, smoothing, sharpening, embossing, edge detection, etc. and are

essential to process these images.

4.4 1 Data Preparation

The data preparation is the first step to making the data suitable for the respective models. This stage
includes structuring the data for the learning model and creating the datasets for the different
applications. Data for modelling in machine learning are usually structured to suit the model

architecture, which determines the expected data structure. For example, supervised learning requires
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the data to follow the table structure, with a value pair for each data point [257]. In the tabular structure,
each feature is represented as a column and named for recognition, with the order of arrangement of the

features not very important. Each item of these variables is represented in rows.

Moreover, the first stage of the preparation in supervised learning is the labelling of the data for the
respective classes. These classes are then encoded as categorical variables, where each row and column
represents the models' respective outputs. The typical encoding matrix is determined using the number
of inputs, which determines the size of the matrix. Table 4.represents an 8-input system used to model
the inspection application. The Scikit Learn Binariser was adopted for encoding the labels into
categorical data using one-hot encoding. One-hot encoding is the process of converting the direct labels

in text form into categories.

D=1 D32 D33 D34 D3E3 Wetl Wietd Wietd
Tl 1 1] 1] o 0 1] o 1]
2 0 1 1] 0 0 1] 0 0
T3 0 1] 1 o 0 1] o 1]
T4 0 0 1] 1 0 1] 0 0
5 0 1] 1] o 1 1] o 1]
¥é 0 0 1] 0 0 1 0 0
7 0 1] 1] o 0 1] 1 1]
¥i 0 0 1] 0 0 1] 0 1

Furthermore, the second stage is the splitting stage since the datasets for machine learning and deep
learning models are usually divided into training, test, and validation sets. The models are trained and
evaluated on the training and validation sets, with the optimiser guiding the loss. The test set helps
assess the model performance after training. The noteworthy point is that the test data is not used to
train the model. If the performance evaluation results are reasonably high, the model is more likely to
perform well in unseen data. Also, the validation set is another vital part of the data for evaluating the

model during training and fine-tuning the model hyperparameters described in the subsequent sections.

Nonetheless, the pre-processing stage is another stage of data preparation, which includes data
selection, cleaning, normalisation, transformation, cropping etc [342]. After the pre-processing stages,
the data becomes ready for the computational model. The typical scaling approach in general machine
learning includes normalisation and standardisation techniques. The normalisation entails rescaling the
actual value range in the data to lie between 0 and 1. At the same time, standardisation refers to
modifying the distribution of the attributes in the data to have zero mean and unit variance or standard

deviation of 1 [257]. These data inputs were normalised after pre-processing by converting the images
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to float data type and dividing the pixels' range within the images by 255 to obtain the respective

datasets for the model.

Conversely, the data format for the neural networks usually adopts one of the following formats: arrays,
tensors, list of tensors for multiple inputs, a dictionary (dict) variable mapping input names to arrays or
tensors when the model uses named inputs, a generator variable and TensorFlow data defined as tf.data
that returns a tuple of inputs, inputs, targets and weights [337]. The above data structures helped present
the data to the model during training by passing the images through the ImageToArrayProcessor

function to obtain an image array.

Another critical parameter is setting the path where the data is stored. These paths can be relative paths,
where the data is stored in the same folder with the model or absolute paths, where the data is stored in
another location with the entire path directory used to call the data. The absolute path approach was

used to store the data, while the Argparse and OS libraries were helpful in retrieval.

The CNN model requires fixed square images to be passed to the model during training. These images
were obtained by resizing the images to 52 x 52 x 3 square pixels in the final data used across all the

applications.
4.4.2 Splitting the Data

The data for training deep learning models are usually split into training validation and test sets. The
training set helps the model achieve the lowest loss possible by adjusting the weight and bias
parameters using gradient descent. The validation set is useful to fine-tune the model parameters,
thereby selecting the most appropriate features representing the data for better decision-making and
generalisation. Furthermore, it helps to direct where appropriate changes are to be made in the model
parameters. Besides, the test set helps to evaluate the model's generalisation ability as these samples are
kept for evaluation only. The data split is outlined in the block diagram of Figure 22, with the

percentage of the split set to 70% and 30% for training, and validation sets, with the test set being the

live camera feed. Dataset

Training set Test set

Training set Validation set

Nonetheless, model training aims to achieve the most negligible loss and the highest accuracy, thereby

obtaining the best model weight parameters for deployment in new or memory-deficient devices.
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An observable way to evaluate performance is to observe the model validation loss and accuracy
alongside the training loss and accuracy. These parameters start approximately at the same values and
end at very similar values showing that the model learned vital features during the training. If the
validation accuracy lags well behind the training accuracy, there is an overfitting problem in the model

learning, and there is a need to explore possible solutions to it.

4.5 Learning Model and Development Considerations

The choice of model considerations has been outlined in Section 2.5 4, highlighting that the data is the
primary consideration for the architecture. First, an appropriate architecture suitable for processing
images is selected. The deep learning literature in Section 3.9 suggests that the convolutional neural
network is the most suitable model for processing image data. However, to select a suitable CNN
model, a hypothetical generalisation of the model's performance must be a function of the

hyperparameters of the CNN architecture [343].

Besides, the considerations for general learning-based systems are primarily judged on the model's
performance. These performances are accessed based on the ability of the algorithms to produce
minimal training errors and high accuracy [68]. Therefore, the following design considerations for
implementing deep learning-based models are outlined based primarily on the experiences of the author
to investigate, design, and implement deep learning-based algorithms for remanufacturing applications.

These vital considerations include but are not limited to the following:

e The choice of the computational model — Depends mainly on the type of data under investigation.

e The size and availability of training examples.

e The available computational resources for training the developed model — The availability of
enhanced hardware is vital to train huge models.

e The place of model deployment after the design is crucial — Using lighter or smaller models for
mobile applications is crucial when deploying to the cloud or memory-deficient computers.

e A good understanding of the model parameters and hyperparameters, including the learning rate,
batch size, the number of epochs, dropout, loss functions, activations, regularization techniques
etc., is essential [160] — This knowledge guides the choice of an appropriate model for specific use.

However, selecting the optimal parameters for the hyperparameter is usually an iterative process that

requires a good understanding of the processes and careful parameter tuning to achieve significant

results. These factors are not exhaustive, as there are other factors to consider in designing and

implementing deep learning-based models since experience is always essential in successfully

developing and deploying learning algorithms.
4.5.1 The Computational Model Design
The typical building block of a deep neural network is the neuron. The structure of these models

consists of interconnected nodes of multiple layers, including the input, hidden, and output layers, with
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the layers connected to both the preceding and subsequent layers [68]. The output of the respective
layers is usually weighted units followed by the activation functions, which are nonlinear functions that
distinguish data that is not non-linearly separable. The neuron is a computational model that consists of
units that accept input vector x € R™, the weight vectors w € R™ and the bias term b, with the output

unit y described by the following relationship.

n
y=a le- .w; +b
4.1

i=1
Furthermore, the design of the computational model uses the mathematical dot product to evaluate the
product of two equal-length sequences of numbers to give a single number. Algebraically, this product
gives the sum of the product of the two sequences under consideration. The dot product of two vectors
x; = [xq, x5 xp]and w; = [wy,w, -+ wy,] is given by

n
X.w = in Wi = (Xgwy + 2wy L X W) 4.2
i=1
Where n = dimension of the vector space and ), = summation. However, matrices are generally
described by their rows and columns. The appearance of a given matrix is a row matrix if the dot
product can be written in matrix product where x.w = xw” where w” is the transpose of matrix w.
The computational model design defines the entire network's structural arrangement, including the type
of layers, the number of layers, the width of the layers, the arrangement of the layers in the architecture,

etc.

4.5.2 Model Parameters and Hyperparameters

The model parameters are intrinsic to a model and are optimised during model training. The model
weights are the most crucial parameter in neural network models and are vital for optimisation. The
model tries to obtain the optimal weights that return the best model prediction during training. In
contrast, the hyperparameters are predefined before training, constraining the model to fit the specified
data. The hyperparameters are not directly learnt by the learning algorithm and are very important to

achieving a high-performing model as they minimise generalisation errors.

Furthermore, these parameters improve model generalisations and prevent overfitting during training.
Finding the best parameters of the model is often referred to as hyperparameter optimisation. The best
hyperparameters maximise the learning model's performance and differ depending on the dataset. The
parameter search consists of searching the hyperparameter space for optimal parameters [68]. However,
there is no specific formulated approach to obtain these best hyperparameters for any given model,
requiring the heuristic approach to explore and find the parameters that maximise the model learning

performance.
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Model regularisation was also another critical consideration in the design. Early stopping regularisation
was added to the algorithm to ensure that the model's best weights were saved during training and
retained in case of subsequent performance depreciation.

4.5.3 Metric Selection

The choice of metrics for evaluating the performance of the developed models was solely dependent on
the data considered in the research. The data investigated in the research is a balanced dataset across all
the applications, which highlights that the ratio of training samples is equal across the respective
classes, thereby informing the decision to use prediction accuracy for model evaluation. Other
researchers have adapted this evaluation method to analyse deep learning-based automated surface

inspection weld and wood defects [344].

Furthermore, most classification algorithms use the accuracy metric to evaluate the model performance,
evidenced across the developed state-of-the-art models in image recognition challenges beginning from
the AlexNet architecture, which won the first image recognition challenge using deep learning
architecture [157]. The selection of the final evaluation metrics in those state-of-the-art models
considered the number of classes in the data. It provided the top-1 accuracy and top-5 accuracy results
that represent the model's single top predictions for each class and the top-5 predictions as results for
over one thousand classes used to evaluate the model's performance [33], [217], [345]. The top-1
accuracy metric was chosen as the evaluation metric for the developed model because we have a limited
number of classes in the data, with a maximum of 20 classes used in the research. The accuracy metric

has been described in section 3.11.6.1 as

Number of correct predictions Tp + Ty,

= 4.3
Total number of predictions Tp+ Fp+ T, + F,

Accuracy =

Moreover, another metric used to evaluate the deep-learning model performance is the misclassification
rate [344], [346]. The model misclassification rate (M) is obtained as

M =1 — Accuracy 4.4

In addition, the error rate is another metric used in the model evaluation. It has also been discussed in
Section 3.11.6.2. Overall, the accuracy, error rate, and misclassification metrics helped quantify the

performance of the developed models.

4.6 Computational Model Exploration

There are two approaches to model design: developing a novel architecture from scratch and the
transfer learning method. The novel design approach allows the modeller to tweak the architectural
parameters to obtain a high-performing model. In contrast, the transfer learning approach uses state-of-
the-art architectures to evaluate the new problem. The pictorial representation of the model design

method is shown in Figure 4..
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4.6.1 Transfer Learning

Transfer learning is a method of adapting a developed model to new problems. Transfer learning can
achieve by either fine-tuning or feature extraction. Fine-tuning is the act of modifying the current model
output to fit another dataset. These methods differ based on the type and position of modification
performed on the original architecture [257]. The feature extractor method involves the removal of the
original architecture fully-connected layer and extracting the features from the data directly from the
final pooling layer, with the other model parameters left unchanged. These feature extractors are

primarily valuable on smaller datasets.

Similarly, the fine-tuning method involves replacing the fully-connected layer of the original
architecture with a new fully-connected layer that fits the data parameters, with all other model
parameters being frozen. Fine-tuning is an important technique to obtain classifiers from pre-trained
CNN models on custom datasets. Researchers suggest that transfer learning instead of training from
scratch improves results on limited data [347]. In most cases, the parameters of the new fully-
connected layers are usually smaller than the original architecture as these layers usually have fewer

classes than the original architecture. The pictorial representation of the model modifications is outlined

on the block diagram in Figure 23, showing the original architecture of the feature extraction

Model C

Conv Layer

modification alongside the fine-tuned modifications.

Model B

Model A
FC Layer
v

Conv Layer

The initial model exploration considers the transfer learning approach, where the final layers of the model

architecture are replaced with the data-specific requirements and used to train the model. The vital stages of

118



the transfer learning model detailed in Figure 24 include loading the pre-trained model modifying the final

layers of the model, tweaking the model hyperparameters, training the model, evaluation and deployment.

Load

pretrained
model

Deploy Model

Replace final
layers

Predict and .
Evaluate Model < ey e
Parameters
Accurac

Train Model

Figure 24 Flow diagram of the stages of achieving transfer learning

The transfer learning approach was first considered because it requires modifying a pre-trained model
to learn new tasks, thereby transferring learned features using smaller training examples. Therefore, it is
often referred to as fine-tuning, and it is much faster than training a new neural network model from
scratch, with a very high computational burden. Moreover, the choice of the pre-trained model was
based on the state-of-the-art performance of the pre-trained models from published research [348],
[349]. Besides, the preliminary investigation considered the VGGNet architecture to evaluate the
performance of transfer learning and training from scratch because the architecture was the first to

explore the very deep depths for image recognition problems [158].

4.6.2 Novel Architecture

The architecture development stage involves all the model parameterisation approaches. The Keras
model has two modelling techniques: the sequential and functional models. The sequential model helps
stack layers of the model together where each layer has one input and out tensor respectively [337].
Conversely, the functional model is more flexible as it accepts a non-linear model definition where
parameters can be shared with even multiple inputs and outputs. The model development process
involves describing the task in a suitable form for modelling. The starting point for the general machine
learning problem formulation is finding the hyper-plane or straight line that best fits the data points.
Where the output (y) is predicted from a set of inputs (x), the relationship is given by the response is
given by the straight-line equation y = mx + c which has the machine learning equivalent of y =
Wx + b where the slope m is equivalent to the weights W, and the intercept c is equivalent to the
biases b, and y and x represents the output and inputs respectively. Besides, the multiple inputs into the

machine learning model can be represented in more than one dimension as

y = Wixi +b 45
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The sequential model is a linear stack of layers with the input shape specified before the first hidden
layer. When the desired output of the model is expected without modification, the linear activation
function, also known as pass-through, is applied to the model's expected output, causing no changes to
the model output as the same signal is propagated [350]. However, the deep CNN models require the
output to be non-linear, thereby requiring the non-linear activation functions applied at the output of the

linear layers of the deep CNN architectures.

The novel architecture outlines the cascading of the new CNN architecture used to perform the
remanufacturing inspection tasks to enhance productivity. These improvements can be obtained from
either training improvement, memory improvement or the general model design techniques and
optimised for the specific application. The development of the novel architecture involves using the
knowledge of existing architectures to implement a simpler yet effective model that can perform at
similar levels compared to the state-of-the-art. In addition, the new model guarantees lesser

computational requirements and provides an application suitable for memory-deficient devices.

Moreover, the design backbone of the architecture consists of the layers as the building block that
transforms data into a valuable form for further processing. These layers are banks of filters used to
extract the representations in the data [29]. The new architecture is inspired by the need to investigate
the effect of different model parameters on the performance of these models alongside the overall
model parameter size. Since the existing architectures have a specific architectural design, modifying
and naming them after the original is not ideal since the modification will perform like the original
design. Therefore, the design considered vital factors outlined in the literature in Sections 3.11 and 4.5

to achieve the model used in this research.

4.7 Learning Algorithms for Remanufacturing Application

The convolutional neural network used in the research is a deep architecture that consists of a stack of
multi-layer neural units that performs numerous dot products and linear combinations. The model layers
are stacked from a few layers and units and gradually increase heuristically as the model performance is
observed. The typical stack of the CNN model is described in the block diagram of Figure 254.9,
showing the input, the filters or kernel, the convolutional layer, the pooling layer, the activation layers,
the fully-connected layers (Fc), and the output or classification layer. The stacking of the multiple

layers is represented as the hidden layers in the block diagram.

Input [ Conv [+ Pooling [ Activation [-» Hidden [ Fc || Output

~ — >

~ ~

Feature extraction Classification
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The model architecture comprises six layers, usually counted as layers with learnable parameters,
including four convolutional layers and two fully connected layers. The pooling layers have not been
weighed and are not included in the number of layer counts reported in the model. The model's
configuration is outlined in Table 4.2.2, which outlines the model's layer-wise makeup, including the
activation size of each component in the architecture alongside the number of parameters. The

architecture was obtained from heuristically experimenting with the research data.

4.7.1 Understanding the Architecture

The architectural design is essential to determine the number of parameters expected in the model
output. Therefore, understanding the architecture is crucial and helps in making vital decisions about
the size of the kernel to use, the number of features expected and determining the overall computational
requirements of the model. The block diagram design of the architecture is shown in Figure 25.9, with

the following explanations of the essential components.

First, the convolutional layer is one of the essential layers in a CNN algorithm. It consists of four
hyperparameters, including the number of kernels, the size of the kernels, the number of strides and the
padding factor. These four parameters are valuable for the convolution processes of sliding the kernel
over the input images. Besides, the kernel is a valuable filter for feature extraction from the images,
with its height and width always being nearly square when used in CNN models [257]. It is a matrix
that slides over the input data, performs a dot product with the sub-region of input and produces a dot
product output or feature map, often called convoluted output. The kernel size is another crucial
hyperparameter that must be set before training the models. Previous research recommended the kernel
size of 3 x 3, and this dimension has been used in most recent state-of-the-art models to break the

symmetry of parameters [158]. Finally, the stride factor controls the sliding of the kernel over an image.

Besides, the convolutional layer parameters used in the architecture include several filters of size 64, 32
and 16, a kernel size of 3 x 3, and stride one with zero padding. Besides, the padding and stride
parameters are critical to down-sample model features to reduce the computational cost. The stride
parameter determines the extent of shifting of the kernel, and it helps determine the rate of pixel down-
sampling. The larger the stride, the smaller the convolutional layer output unless the input images are
padded to maintain the input size. In addition, the padding determines the size of the inputs. When set
to "same", a zero is added around the input borders to maintain the size. In contrast, when the padding
is "valid", the actual size of the inputs is maintained with the trailing features outwitting the stride and

kernel dropped at the right-hand end of the features map alongside the bottom of the feature map.

Conversely, the size of the feature map represents the output of each convolution operation, and it is
determined as follows

Featuremap = (W —F)+ 1 4.6
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Where W = size of input,and F = size of kernel. Therefore the feature map of an image input of
size 52 x 52, convolved by a 3 x 3 kernel, produces a CNN feature output of (52 -3) +1 =150 x 50
feature map without padding, thereby reducing the size of the output. This map assumes that stride is 1.
Moreover, the padding concept was also introduced to manage the size of the input images. Padding
introduces some additional pixels added to the convolutional filters to process the edge pixels outside
the pixels in the image. It ensures that the size of the input is preserved. It fixes the border effect issues
in input images to a CNN model, preserving information at the object's edges. Thus, the feature map
with padding of one zero across the input images becomes

W-F +2P

_ [52-3+2(1) _
S ) + 1= (f) + 1 =52 x 52 features 47

Feature map = (

where P = padding, S = stride. However, the stride parameter moves across the image from left
to right, top to bottom, with corresponding one-pixel changes in horizontal and vertical directions. It is
worth outlining that the obtained features must be an integer to obtain a valid convolutional layer;
otherwise, the implication is that the stride parameters are not properly set, and the neurons cannot be
properly tiled to fit into the input volume [257].

Furthermore, the pooling layer is responsible for down-sampling the model size. It requires two
hyperparameters that control the pooling operation, including the kernel size and the stride factor.
Conversely, the pooling layers reduce the number of features detected by the model. It achieves this by
summarising the input features with the local regions or patches using maximum value, ensuring that

the learnt features become more robust, invariant, and sparse.

Perhaps, once the features are extracted, the obtained output features are flattened into a one-
dimensional vector using the flattening layers, followed by the fully-connected layer. The fully-
connected layer is the final layer in the architectural design before the output layer of the CNN. It
applies a linear combination of the features from the previous layer before the final activation, flattened
and dense layers. Finally, a SoftMax output corresponding to the number of model inputs is used to
predict the output where the sum of the total scores is 1. The other model parameters include activation

functions, categorical cross-entropy loss functions, batch normalisation, and dropout layers.

Nonetheless, the interaction of the model layers is the most vital design constraint for deep neural
networks. These interactions are governed by modelling the behaviour of the respective layers by
creating the types of input expected, the outputs, the number of layers, selecting the types of layers,
specifying the stride, padding, selection of performance metrics etc, defines how the computational

model processes the input and output.
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4.7.2 Architectural Arrangement and Initialisation

Architectural arrangement and initialisation are the design consideration during the model development.
It involves specifying the number of layers, types of layers and cascading method, number of filters,
strides, etc., thereby determining the model's sequence and size of information flow. The components of

the CNN model are described in Section 3.11.2 and the model design considerations.

The convolution layers are usually more than one to obtain a deep architecture, requiring more than one
convolutional layer to obtain deep architecture to extract features from the images. Increasing the
number of convolutional layers enhances the model feature detection capability; however, the larger the
number of layers, the longer it takes the model to train, and the likelihood of overfitting increases. The

number of convolutional layers used in the architecture is 4.

Besides, the pooling layers help reduce the computational cost of the model alongside model overfitting
by reducing the input data dimensionality. For example, the average pooling layer was used to average
all kernel values and produce a single score. In addition, a dropout layer was also added to the
architecture, which randomly omits some nodes during model training to improve model generalisation
and reduce overfitting. A description of the node regularisation techniques is outlined in Section 3.11.5.
Finally, as the model's performance is observed, the dropout value used in most high-performing deep

architectures is set heuristically between 25% and 50%.

Nonetheless, the model initialisations for the respective layers were of paramount importance as
different initialisations for the linear and non-linear parts of the model were considered. The ReLU
outputs were initialised using the He initialisation, while the Dense layers were initialised using the
Glorot initialisation. The model initialisation was kept to the default Keras initialisation method, which
uses the Glorot initialisation method that computes a uniform normal distribution by averaging the
number of inputs to the layer, often described as fan_in (F ;;,) and the number of outputs from the layer
known as fan_out (F ,,), and taking the square root [280]. The uniform distribution provides a random
value from a range of lower and upper limit values where every value has an equal probability of being
drawn. The initialisation was achieved using the model parameters where the inputs to the layer (32)

and the outputs (20) to obtain the limit of values of weights available for random selection as follows

. V2
Limits = ————— 4.8
F_in + F_out
Limits = 2 = +0.017
64+20

The initialisation restrains the initial weights parameter of the model to lie between +0.017, thereby

keeping the model initialisation simple during training.
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4.7.3 Parameterising the mapping from Images to Label Scores

The parameterisation of the mappings from the images to label scores starts with defining the scoring
function that maps specific pixel values of an image to the confidence scores for each class. Let the
training examples of images be represented as x; € R¢ with associated label y; where i = 1, ..., N and
y; € 1,...K. When the number of training examples for the respective datasets is represented as N,
from Table 2.1, the total number of samples used for the respective applications is N = 71560, N =
28800, N = 28624 and N = 14312. Also, let the number of distinct objects be represented as K where
the applications have K = 20, K = 8, K = 8, and K = 2 for the four applications. The scoring function
parameters include C represents the size of the images where C = 52 * 52 *3 = 8112 pixels, and the
categories K. Finally, the scoring function that maps the raw pixels to the class scores is defined as
follows:

f:R¢ > RE 49

This function describes the expected classifier performance where the pixels in an image represented by

the 8112 pixels are mapped directly to a specific category in the overall true class.

4.8 Modelling Surface Inspection in Remanufacturing Using Deep Learning

The modelling approach for the surface inspection application is developed as a multiclass
classification problem that performs a classification as positive or negative for the respective classes.
The multiclass classification differs from the binary classification problems modelling by the model's
loss function and the output classifier, a SoftMax function. The parameter modifications are performed
in the learning algorithm before model training and evaluation. The surface inspection application is
modelled as a supervised learning problem using labelled data. It explores deep convolutional neural

networks for developing sorting systems to categorise remanufacturing products and components.

Perhaps, it is worth outlining that the ML techniques were not considered in this study because
researchers have outlined that some ML algorithms, including support vector machines (SVM) and
Naive Bayes algorithms, were not very efficient in recognising and classifying automotive components
for remanufacturing after extracting features using scale-invariant feature transform (SIFT), and edge
histogram descriptor (EHD) algorithms [351]. This research supported further investigation into the

application of deeper architectures.

Conversely, surface faults refer to defects highlighting a suspected product abnormality, like what
visual inspection experts identify during remanufacturing. Surface inspection mostly depends on image
analysis, which is the most significant application in medical image analysis, especially image
scanning. Computer vision techniques have more recently been attracting attention across industries,
with researchers investigating the application of machine learning and deep learning for

remanufacturing inspection using computer vision techniques [137]. However, the application was

124



inefficient as it considered only corrosion faults, while the current application explored multiple fault

recognition, including pitting, corrosion, crack, and other combination faults.

Nevertheless, the inspection data consists of objects recorded with varying surface defects for
recognition using the research data collection setup. The model is a vision-based inspection system
consisting of multi-layer convolutional neural networks that perform a quick and reliable real-time non-
contact inspection. The system can check and sort components into scraps and remanufacturable parts
and is helpful in the post-cleaning inspection, where products are inspected during any of the stages of
the remanufacturing process, including cleaning, reconditioning or even final testing. The novelty of
this method is that it considered the same objects having different surface conditions as the categories.
In contrast, other existing vision-based applications consider objects of different categories, making
them suitable for visual inspection and sorting systems for remanufacturing. The advantage of the
developed model is that it can be easily incorporated into other remanufacturing stages with minor

modifications.

4.8.1 Inspection Applications and Data

The investigation of deep convolutional neural network algorithms for automated surface inspection in
remanufacturing consists of an object recognition system that aims to identify objects in the video
stream. These object streams are afterwards inspected and sorted using the designed system. The
inspection technique can be adopted for the pre-disassembly sorting, post-disassembly and other stages
of operations during or after remanufacturing. The existing surface inspection techniques have been
discussed extensively in Section 4.8 alongside the limitations of the existing methods. Finally, the
development of the deep CNN-based surface inspection system for remanufacturing applications is

presented.

Besides, the surface inspection application considers the torque converter system components and
planar bars recorded during this research. The experiment investigates the possibility of detecting
abnormalities in the objects from the video stream. The data consist of eight (8) categories of 3600
images per class, making up 28800 images. The distance between the camera and the objects on the
conveyor system was limited to approximately 40" to ensure that the camera's coverage was restricted
to one object at a time. As lighting contributes to visual sensing, the recordings were made in an
industrial work setting to reduce lighting effects after development. The data consist of two separate
eight (8) object categories of the torque converter components and some planar metal components used
to evaluate the inspection application. These data compositions have been outlined in detail in Section

2.8.3 and used to train the supervised learning model.
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4.9 Model Architecture, Parameters and Hyperparameters

The developed inspection model architecture consists of four convolutional filters of sizes
64,32,32 and 16 and two fully connected layers of sizes 512 and 8, respectively. In addition, the
architecture has the Swish activation and Maxpooling layers sandwiching the convolutional filters, with
a dropout layer added across some of the hidden layers. The number of model parameters obtained from
layers with learnable parameters amounts to 1,423,192, approximating to 1.423 million parameters that

are learnable during training. The architectural makeup is depicted in Table 4.2.2.

Layer Type Output shape Activation size Parameters

Input (None, 52,52,3) 8112 0
Conv2D (None, 52,52,64) 173056 1792
Activation (Swish) (None, 52,52,64) 173056 0
Conv2D (None, 52,52,32) 86528 18464
Activation (Swish) (None, 52,52,32) 86528 0
Maxpooling (None, 26,26,32) 21632 0
Dropout (None, 26,26,32) 21632 0
Conv2D (None, 26,26,32) 21632 9248
Activation (Swish) (None, 26,26,32) 21632 0
Conv2D (None, 26,26,16) 10816 4624
Activation (Swish) (None, 26,26,16) 10816 0
Maxpooling (None, 13,13,16) 2704 0
Dropout (None, 13,13,16) 2704 0
Flatten (None, 2704) 2704 0
Dense (None, 512) 512 1384960
Activation (Swish) (None, 512) 512 0
Dropout (None, 512) 512 0
Dense (None, 8) 8 4104
Activation (SoftMax) | (None, 8) 8 0

Besides, understanding how the convolutional layer learns depends on knowing how the parameters
move from one layer to another. These learnable parameters depend on the shape of the input and
subsequent layers of the model. Furthermore, the number of parameters on every layer is determined by
considering the layer kernel sizes, including the width m, the height n, the number of filters in the
previous layer d, the bias term b usually =1 for the respective filters, and the number of filters in the
current layer under consideration k. Therefore, the number of parameters P is a given [352]

P=((mxnxd)+b)xk

P=((m*n*d)+1)*k

4.10

Conversely, the total number of parameters of the developed model is estimated as follows with the
kernel size of [3,3], which represents m, n, channels in input d =3, and current layer k = 64, giving the

following layer outputs.
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Layer 1= ((3%3x3)+1)*64=1792
Layer2 = ((3%3x64) + 1) x 32 = 18464
Layer3 = ((3%3%32) +1) =32 = 9248
Layer 4 = ((3%3%32) +1) » 16 = 4624
Nevertheless, the fully connected layer parameters are somewhat different from the above equations as
some models have more than one fully connected layer. The fully connected layer's parameters can be
determined using the activation (activ) size of the model as follows

P = current layer activ x previous layer activ + current layer activ 4.11

Layer 5 = 512 x 2704 + 512 = 1384960
Layer 6 =5%512+8 = 4104

The overall architecture for implementing the deep learning inspection application in remanufacturing

is attached as Appendix 2A.

4.10 Model Components, Hyperparameter Selection and Optimisation

The model hyperparameters are another essential factor in developing deep learning models. These
hyperparameters include batch size, learning rate, etc. The proposed model consists of considerable
weight and bias parameters that require optimisation to minimise the empirical classification errors on
the labelled training data. A loss function that supports multiclass input is required, and the categorical
cross-entropy loss function is selected and already defined in Section 3.10.3. The cross-entropy loss
minimises the prediction error on the training data to achieve good predictions. The cross-entropy loss

increases as the predicted probability deviates from the ground truth.

Generally, the performance of a model is measured from the error observed in the model response
obtained after fitting the data on the model and following the difference between the model's training
and test errors. The two important terms used to quantify these errors are bias and variance. The bias

term refers to the error of the training data, while the variance relates to the error of the test data.

Conversely, model underfitting occurs when the model's error is very high compared to the training
data (low accuracy) and performs poorly on the test data (low accuracy). Underfitting is also
undesirable when training a model, as the model performance would not meet the desired performance
levels. The property of the underfit model includes a high bias and high variance. Besides, model
overfitting is the case of poor generalisation when a model performs well on training samples and
poorly on unseen test samples, thereby obtaining low training errors during training (high accuracy) and
high testing error during the testing stage (low accuracy). The overfit model has the property of low
bias and high variance. Researchers have explored various methods to minimise overfitting early in the
model design; overfitting was minimised using different model regularisation methods, including
dropout and model checkpoint [160].
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However, balancing the training and test error in the developed model is required as low training and
test errors are desirable, constituting a model with high accuracy on both training and test data.
Considering the bias-variance trade-off, a desirable model should have an ideal low bias and low
variance property. This property of a developed model considers reducing the model estimated variance
across samples by increasing the bias in the estimated parameters. It ensures that the developed models

generalise well on unseen data.

4.11 Surface Fault Identification and Classification

The experiment involves investigating the identification of surface defects on planar metals. These
defects are similar to those in EoL automotive parts, including inherent rusts, cracks, and pitting faults.
The samples were obtained from the DMEM workshop at the University of Strathclyde Glasgow. The
different fault conditions on the samples were recorded as labels, and a three-minute video of samples
was recorded as training samples. The recorded videos were pre-processed into images and used for the
inspection application. The machine for training the developed models consists of a graphics processing
unit that enhances the speed of training the neural network models. In addition, it is a compute unified
device architecture (CUDA) enabled NVIDIA GeForce RTX 2080 Super GPU hardware, useful to
speed up the training of the models, thereby enhancing the training and model evaluation time. The
other pre-processing activities on the data include resizing the data to suit the architecture input
(52,52,3), splitting the data into training, validation and test sets, vectoring the data and labels by
converting them into arrays for easy access and suitable for the chosen optimisation algorithm. The
label vectorisation used in the model is the one-hot encoding which converts the class labels into
categorical data of all zero vectors with a one (1) in place of the label index against using the integer
tensor that transforms all the classes to integer values. The one-hot encoding allows the class labels to
identify the respective predictions, enhancing model performance. The respective Keras utility for the
pre-processing was used in the vectorising and encoding of the labels, while a data split function was

created and used to partition the model data.

Moreover, this inspection application considers the identification of different surface fault conditions
from samples of the objects with various inherent faults, including crack faults (CF), pitting faults (PF),
rust faults (RF), and the combination faults: rust and crack (RnC), pitting and crack (PnC), pitting and
rust (PnR), and rust, pitting and crack (PnRnC) faults. These inherent product faults are described in
brief. Pitting faults are defects formed by the localisation of corrosion confined within a small area on a
metal [353], while rusting occurs due to the exposure of metals to moisture and air, forming iron oxides.
In contrast, crack defects originate at the surfaces and increase with continued stress [354]. Besides, the
pre-processing for the designed inspection application includes converting the video streams into

images and resizing the images to suit the model architecture, converting the data into arrays, and
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shuffling during the batch passes. The pre-processed images were used as data to train the model. A

cross-section of the original samples used to train the model is depicted in Figure 26.

Figure 26.10 Sample of the inspection data

However, the CNN model requires a series of predefined parameters to optimise the generalisability

and learning accuracy of the model. These parameters and hyperparameters are outlined as follows.

4.11.1 Model Components and Hyperparameters

The model hyperparameters of the CNN model used to investigate the sorting application includes the
batch size, the number of epochs, learning rate, dropout, optimiser, activation functions, loss function,
and evaluation metric. The vital components and hyperparameter set used are detailed in Table 4.. The
dropout parameter for the model is set to 25% after the second hidden layer and 50% after the fourth
hidden layer, which minimises the chances of overfitting. Furthermore, the Swish activation function

was used in the hidden layers and a SoftMax activation at the output layer.

Table 4.3 Model | parameters and hyperparameters

Parameter/Hyperparameter Value
Batch size 16
Epochs 50
Learning rate 0.005
Dropout 0.25/0.5
Optimiser AdaMax
Activation Swish and SoftMax
Loss Categorical-crossentropy
Metrics Accuracy

The planar object inspection data were used to train the VGGNet model using transfer learning, training
from scratch and the newly developed model. The size of the available data is also important because
the model does not exhaust the host device's memory. As there are approximately 5.5 Gigabytes (GB)
of data for training and evaluation, the model data cannot fit into the computer random access memory
(RAM); selecting an appropriate optimisation is necessary from the group of optimisation techniques

discussed in Section 3.11.4. The batch gradient descent algorithm benefits from loading the data in
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small fractions, often called mini-batch gradient, allowing the model to train all examples before
updating the model parameters. The size of these mini-batches used is 16 images, and the model
continues o loop over the samples until all the data is exhausted during the training.

Conversely, from the definitions in Section 2.4.3, the parameters 6, which represents the model's
weights, are usually initialised before calling. The initialisation methods of the NN differ depending on

the expected output and the different initialisation techniques discussed in Sections 3.11.4.

Nonetheless, transfer learning was first explored before developing a new architecture for comparison
because the state-of-the-art models can perform the various classification tasks without significant
modifications. Furthermore, the choice was informed by research that developing new architectures that
compete against the current state-of-the-art is a very challenging task involving selecting numerous new

hyperparameters and layer configurations [222].

4.11.2 Model Selection for Transfer Learning

The Visual Geometry Group (VGGNet) is one of the state-of-the-art deep CNN architectures selected to
compare a transfer learning approach and training a model from scratch. In addition, the architecture
was selected to explore transfer learning applications for remanufacturing because it is one of the first
very deep CNN architectures that achieved state-of-art performance on large-scale datasets using
replicated filters. The VGGNet architecture consists of the first two convolutional layers containing 64
and 128 respective 3 x 3 filters. The VGGNet uses a max-pool layer alongside a pool size of 2 and a
stride of 2 in all the layers. The third, fourth and fifth layers have three convolutional layers with 256,
512 and 512 filters. The architecture also has the fifth and sixth layers as fully-connected layers. The
fifth layer is flattened to produce 4096 units. The sixth fully connected layer contains eight (8) dense
units and a SoftMax function used for classification. This model was selected and used to evaluate the

initial inspection application.

4.11.3 Model Training and Evaluations

The model training involves optimising the model's weight parameters that ensure the best transfer of
features from the inputs to the model's output. The training process ensures that the weight parameters
are updated after each batch of the data passage. To achieve that, the model predicts the images in the
batch, computes the loss value for those predictions given the actual data labels, and obtains the
gradient of the loss function with respect to the model weights before updating the model weights by a

minor factor in the direction opposite to the gradient.

Conversely, there are two broad methods of training deep learning models, including transfer learning
and training from scratch. The process of training from scratch is a computationally more expensive
technique than the transfer learning approach that uses pre-trained model weights trained with large

datasets, including ImageNet and Microsoft COCO [75], [355]. However, to initiate the training
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process, the model is first compiled. The compilation involves the selection of an appropriate
optimisation algorithm that ensures that the model updates itself based on the training data to improve
its performance, a loss function that measures the distance between two probability distributions,
including the predicted output and the true output, and finally a metric to evaluate the model
performance [29]. The model training pipeline involves four vital stages that must be completed to learn

the data features [29]. These stages are outlined in Figure 27 as follows.

[ Feed data H Train model ]-»[ Predictions H Verification ]

Moreover, the feature extraction begins the training process after the data is read into the model. It is a

vital stage in traditional machine learning modelling that involves applying some computational
algorithms to obtain the feature vectors that quantify the data. These vectors are hand-engineered in the
traditional context and used to describe the contents of the presented input. However, there are
numerous challenges to achieving effective feature learning, as outlined by researchers. These
challenges include background clutter, illumination, occlusions, scale variation, viewpoint variation,
deformation, and intra-class variation, among other factors [68], with various architectures proposed,

especially CNN, to address these challenges, achieving optimal feature learning.

Nevertheless, effective training is obtained by optimising different modelling stages, including the data
pre-processing, parameter initialisation, batch normalisation, architecture design, choices of activation
functions, pooling techniques, regularisation techniques, and optimisation techniques. These
considerations help to obtain the most optimised training for the model. The training process involves

seven key stages highlighted as follows:

1) Get the batch from the training set.

2) Pass batch to the model.

3) Use backpropagation to calculate the model loss.

4) Use optimisation techniques to calculate the gradient of that loss function with respect to the
model's weight.

5) Update the obtained weights using the gradient to reduce the loss.

6) Repeat the respective steps 1 to 5 above until one epoch is completed.

7) Repeat steps 1 to 6 above until the desired accuracy level is obtained.

Nevertheless, for a model with input x, weights W,, W,, biases b,, b,, layers L4, L,, and activation A, the
training process involves using gradient descent to propagate the gradient of the loss forward and

backwards through the model as follows

oo 0L, 0A 0L, O

_ 4.12
ow, oW, oL, 0A oL,
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The update of the weights with the learning rate o is given by

at
Wy=W,— 65— 413
1 1 an
Nevertheless, the learning rate o controls the speed of the model's training and obtaining an optimal
learning rate is challenging. Therefore, minimal values of learning rates are used as guesses to train the
network. However, It is important to note that very low learning rates might cause the model to freeze
at some local minima. In contrast, high learning rates will likely cause poor convergence, making

choosing an optimal learning rate a critical factor in successful training [68].

The AdaMax optimiser algorithm is selected with mini-batches, and the backpropagation is
implemented to optimise the model's parameters. The number of epochs selected for training the model
is based on heuristics. The model performance was observed, and the number of epochs was modified

to achieve reasonably high prediction accuracy and a low error rate.

Nevertheless, the model predictions are a vector of the same length as the number of inputs, with the
vector coefficient summing to 1 as the probability distribution is formed. The largest value in the
probability distribution is the predicted class. The SoftMax function sums the entire vectors to 1 in a
multi-class application, with the top probability score being the predicted class. This SoftMax is
obtained from the relationship detailed in Section 3.11.2.4
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Overall, the training minimises the model loss function, enhancing prediction accuracy. However,
passing huge batch sizes is not recommended as it might be difficult for the data to fit into the computer
RAM, thereby degrading performance. The pictorial representation of the learning process is shown in

Figure 4.12.
Inputs (x)

v

"[ Weights ]—' Layer (data transformation)

v

Weights*]—b Layer (data transformation)

Yy ¢

[ Predictions v' ]

Loss score




Nonetheless, the Keras callback function helps manage and make specific decisions during training. For
example, it was helpful to save the model weights during training when the model accuracy improves
and manage the training process if the training stops. The callback function also helps to specify the
epoch you wish to restart the training [29].

| Training and Evaluation of the Pretrained Model

The pre-trained model considered was VGGNet architecture, once a state-of-the-art object recognition
architecture with about 138.4 million parameters for an image size of 52 x 52 x 3. The 16-layer
VGGNet model was selected and used to train the model using supervised learning. The model
parameters and hyperparameters used for training and evaluating the VGGNet model are detailed in
Table 4. and help train the model, including from scratch. The batch sizes reflect the number of images
to load when the model performs forward and backward propagation of gradients which is highly
computationally intensive work for the machine. In contrast, no gradients are propagated during

evaluation, and the model can read many images.

Moreover, these models learn the data patterns during training, and the training process involves
automatically extracting the samples' specific features to represent the image data patterns. The model
uses the convolutional and pooling layers to learn the data patterns from the small, localised regions
known as receptive fields. The first layer learns from the raw image pixels to motifs by detecting
irregular edges to parts of objects, which are further combined in the hidden layers to reproduce the
patterns as the underlying features [28]. During the training, the algorithm predicts the model's outputs
after each epoch with two outputs computed for both the training and validation data, including training
and validation accuracy and training and validation losses, with the model weights serialised after
training. However, a critical aspect of modelling predictive systems is the evaluation stage. The
evaluation requires estimating the model skill when predicting unseen data after training. Therefore, the
performance of pre-trained models on the research data was first evaluated to visualise the goodness of
fit for the remanufacturing applications, while the evaluation of the model was analysed to highlight the
performance [331]. The performance of the pre-trained models was impressive, with the pre-trained
VGGNet model producing a final training accuracy of 99.72% and a validation accuracy of 99.2%
while classifying the faults on the metal bars. The results highlight that the model predictions the test
data to a high accuracy level and generalises very well on the test data due to the high validation
accuracy. Besides, generalisability is very important in evaluating the performance of predictive

models.

Consequently, the model's training and validation errors are comparatively low since overfitting occurs
when the validation error is significantly higher than the training error, as shown in Figure 4.129. These
results highlight that the model has a low bias and low variance in predicting the classes of objects

considered in the investigation.
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Training Loss plot on the surface inspection data Training accuracy plot on the surface inspection data
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Figure 4.129 Pretrained VGGNet model performance on the surface inspection dataset

Furthermore, the pre-trained model misclassification defined in equation (2.80) is given by

M =1 — Accuracy
M =1-0.9972 =0.0028

Overall, the pre-trained model produced a misclassification error of 0.28% on the inspection | data.
These results highlight that the model can identify, inspect, and classify the products for

remanufacturing with a very low error rate.

Nonetheless, the output is the testing is visualised using the confusion matrix, which shows the models
misclassified twelve (12) crack defects to ten (10) pitting defects and two (2) pitting and rust defects, as
outlined in Figure 304.14. Furthermore, another five (5) non-defective components were misclassified
as rust defects, while six (6) pitting and rust defects were misclassified as four (4) rust defects and two
(2) no defects. Finally, one pitting, rusting and crack-defected component was misclassified as rusting
defects. These huge misclassifications highlight the pre-trained VGGNet model in its original form is

inefficient to be deployed in a critical real-world remanufacturing application without improvement.
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Figure 30 VGG model prediction visualisation using the confusion matrix
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Il Training from Scratch and Evaluation
The model training process from scratch was performed to understand the impact of training the model

without considering the pr-trained weights. It is quicker and simpler to initiate as there are no existing
model weight parameters to load; therefore, the pre-trained model was retrained using the same set of
parameters. The training results from scratch produced a perfect prediction accuracy of 100% for
training and validation and a zero-validation loss. In addition, the model's response shows similar low

bias and low variance, as depicted in Figure 31.15.

Training Loss plot on the surface inspection data Training accuracy plot on the surface inspection data
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Moreover, the model training results highlight that the learning algorithm attained 100% training and
validation accuracy before the 10th epoch, as shown in Figure 31.15. However, the model afterwards
maintained the maximum performance, suggesting an excess capacity for the problem under
investigation. Furthermore, the training and validation reached the lowest of zero before the 10th epoch
and maintained the performance until the end, supporting the peak accuracy obtained during training.
Finally, the zero-loss obtained also highlights that the model can generalise well on unseen data.
Furthermore, the VGGNet model misclassification from scratch is obtained as defined in equation
(2.80) is obtained as

M =1 — Accuracy

M=1-1=0
Nonetheless, the testing output is visualised using the confusion matrix in Figure 326, which shows that
the models achieved a perfect prediction across the entire test set, justifying the model's very high

prediction accuracy.
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Model prediction visualisation
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Consequently, the training of the VGGNet model produced a perfect prediction with no
misclassification errors, thereby highlighting that the VGGNet model is likely too complicated for the
dataset. Besides, the VGGNet had a wide architectural depth at its debut and produced a state-of-the-art
performance in the ImageNet competition. Moreover, the model loss also shows a comparable low loss
performance justifying the high model prediction accuracy observed after training the model. However,
the perfect prediction results obtained from training from scratch account for the enormous
computational cost of the training, which is a significant limitation as the model trained for more than
seven hours compared to the transfer learning, which trained within an hour. Besides, an identified
challenge of training from scratch was the prolonged training time, which increases the cost required to

hire graphics processing units or rent a cloud-based GPU.

11 Training the New Architecture and Evaluation

The model's training results in Figure 33.17 show that the mode accuracy peaked just before the 20th
epoch and maintained a high accuracy over the 50 epochs that the model was trained. The newly
developed model produced a top-1 training accuracy of 99.92% and a validation accuracy of 100%,
highlighting the generalisability of the model on new data. Furthermore, the model training loss
observed the lowest loss after about 15 epochs, with the loss stabilising to maintain the final training
loss of about 0.0038 alongside the validation loss of 0.000013. These reported losses for the training
and validation highlight that the model predictions follow the training accuracy, which peaked after

about 17 epochs.
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Training loss plot for the surface inspection data Training accuracy plot for the surface inspection data
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Figure 337 Researcher developed model response on inspection data

Furthermore, the misclassification error of the researcher developed model prediction is given by

M =1 — Accuracy
M =1-0.9992 = 0.0008

Moreover, the model's performance is significant as it produced a minor misclassification error of
0.08% on the torque converter dataset. Nevertheless, model testing is the final stage of deep neural
network development before deployment. The testing involves loading the serialised model weights
obtained after training and inferring the model performance using the separated test set. The model
evaluation is obtained by computing and selecting the model's top predictions over the test images and
comparing it against the actual value, obtaining the output as an un-normalised final model prediction.
Finally, the test output is visualised using the confusion matrix in Figure 34.18. The table shows that the
models misclassified a single pitting and crack defect to a crack defect in the entire predictions on the
test set, justifying the very high prediction accuracy and low misclassification result produced by the

model.
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Figure 34 Developed model prediction visualisation using the confusion matrix
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4.11.4 Results and Discussions

The deep learning modelling for remanufacturing process inspection highlights the necessary steps to
model remanufacturing surface inspection using visual sensor data and deep convolutional neural
network algorithms. The supervised modelling approach effectively represented the remanufacturing
inspection, attaining a satisfactory performance across the two algorithms and three individual cases
tested, including the pre-trained model, training from scratch, and using the researcher-developed
algorithm. In addition, the top-1 prediction accuracy was used to evaluate the performance of the

algorithms.

Besides, the challenges of obtaining rich features from the model highlighted by researchers [68] were
addressed from the beginning of the model development. The measures and techniques used to address
them include background clutter and illumination minimised by capturing the data on the conveyor
system and in the actual work environment lighting, thereby ensuring that the images used to train the
model will look similar during testing. Furthermore, the occlusion challenge was addressed by timing
the product's arrival speed to the point of inspection, ensuring that the camera viewpoint is restrained to

one object at a time.

Furthermore, scale and viewpoint variations were minimised using data augmentation, a low-level
approach to introduce various transforms to the object before passing them to the model. Data
augmentation primarily enhances the model's generalisation ability as the model sees slightly modified
input versions of the input data. A significant feature of the augmentation class is that the data labels are
not changed during the process. A utility to facilitate data augmentation is the Keras
ImageDataGenerator, which accepts data, transforms them randomly, and returns the newly
transformed data. The possible transforms used in computer vision augmentation include translation,
rotations, horizontal flips, vertical flips, changes in scale, shearing, etc. Finally, the transformed data
were used to train the models and evaluated on the unmodified test samples, which showed consistently
high test accuracy with a noticeable reduction in the training accuracy. In summary, model
generalisation was vital when training deeper neural network architectures and helped to improve

model performance on unseen data.

Nonetheless, an ideal model should have a very high training and validation accuracy and low training
and validation errors. These properties ensure the model performs well predicting new data and
generalising well on unseen data. Nevertheless, the comparison of the model performance on the
research data highlights that the training from scratch (VGGS) model produced the highest and
maximum prediction accuracy of 100% on the surface inspection data. The newly developed model,
alongside the VGGNet transfer learning models, produced a top-1 accuracy of 99.92% and 99.67%,
respectively. These highlights that the models can effectively perform the desired inspection and further

generalise to unseen data as the validation accuracy was significantly high across the three applications.
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These performances were coherent across the three models, producing a low validation error on the test
data.

However, despite the success of the pre-trained models, they have the limitation of high memory
demands. The memory demands remain a vital challenge to deploying pre-trained models in
remanufacturing and other applications that run on devices with limited storage. Therefore, it calls for
exploring models that can achieve comparable results with smaller capacities. This exploration is
worthy because the algorithms have many training parameters, making them significantly challenging
to deploy in smaller applications with memory constraints. Nevertheless, it is worth outlining that the
research-developed architecture has 1.423 million parameters making it far less model to train than the
VGGNet architecture, which has 138.4 million parameters. These model parameters account for the
required storage capacity of the trained model weights and the training time required to train and deploy

the models.

4.12 Adapting the Developed Model to Torque Converter Component Inspection

This application considers the post-cleaning inspection in remanufacturing the torque converter units,
ensuring that the components are appropriately dried after cleaning. The application assumes that the
components are properly cleaned. The model is developed based on the process structure in the data
collection facility, as there are no automated methods of returning the improperly cleaned parts to the
cleaning system. The crucial application of the model helps to eliminate the need for expert inspection
of the cleaning process, thereby enhancing productivity through the 100% guaranteed inspection
provided by design. After cleaning, the model differentiates the dry and wet samples, named dry sample
(DS1), DS2, DS3, DS4, DS5, Wetl, Wet2, and Wet3. A batch of the original samples used to train the
model is depicted in Figure 35.19.

Figure 35 A batch of samples for inspection 11 application used to train the model
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4.12.1 Experiment and Model Training

Adapting the developed model involves using the developed architecture without any modification
since the product surface inspection data has the same number of classes and is in the same format. The
data consist of eight (8) categories of 3578 images per class, making up the 28624 images, helpful in
evaluating the adaption of the developed model to achieve automated component inspection during
remanufacturing. The developed model was trained on the new remanufacturing post-cleaning
inspection data of the torque converter components. The training adopted the supervised learning
technique, where the data and labels were used to train the deep convolutional neural network model.
The training tunes the weight parameters that enhance the model's performance using the model
hyperparameters outlined in Table 4. and saved for future inference.

Furthermore, the training incorporates the AdaMax optimiser, a categorical cross-entropy loss. In
addition, a small amount of dropout is applied to the hidden layers of the model, 25% and 50% in the
first and second fully connected layers, to minimise overfitting, enhancing robustness. Besides, the
saved file is stored in h5 format, a hierarchical data format (HDF) format used to store
multidimensional arrays of scientific data. The h5 format enables the storage of the following model
components, including the architecture, sets of weights, optimisers, loss and metrics used for model
evaluation [356].

4.12.2 Results and Discussions

The modelling results in Figure 36.20 show that the deep learning technique can achieve surface
inspection in remanufacturing applications, attaining significantly high performance using supervised
learning. Notably, the researcher-developed architecture performs comparably to the state-of-art
VGGNet model, with significantly lesser computational demands. The model produced a significant
performance comparable to the initial test case, with a top-1 training accuracy of 99.97%. In addition, a
validation accuracy of 100% was obtained, highlighting that the model generalises well on the new
data. The results highlight that the model performs well on training and test data, guaranteeing good

prediction and generalisation of unseen data.
Furthermore, the model's misclassification error is given by

M =1 — Accuracy
M =1-0.9997 = 0.0003

It is crucial to outline that the model's performance is impressive as it produced a misclassification error

of 0.03% on the torque converter dataset, which is negligible.
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Conversely, the model performance visualisation results using the confusion matrix in Figure 371
highlight that the samples' predictions conformed with the obtained prediction accuracy of the Torque

Converter inspection application, with no observable misclassifications.

Developed model prediction visualisation
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Besides, the inference from the connected camera focuses on a conveyor carrying cleaned end-of-life
products for post-cleaning inspection. First, the surfaces are automatically inspected using the model
and the connected camera to verify the surface dryness. Furthermore, the model predictions are
visualised using OpenCV, a computer vision library that supports the execution of deep learning
models. Then, the data is loaded, converted to an array, resized, and the serialised weights to predict the
inputs. Finally, the model predictions were performed, and the predictions were displayed with custom
texts, including the predicted class, position, text colour, and size inserted in the algorithm. In addition,
the inspection model predictions from the live video feed outline the model's impressive performance,

with the respective class predictions displayed in Figure 38.
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Figure 38 Model inspection predictions result from the connected camera inputs

These results highlight that the modelling approach effectively achieves surface inspection in
remanufacturing. Furthermore, the method helps predict the surface conditions of the product using the
camera data as inputs, thereby validating the effectiveness of the design and modelling to achieve

surface inspection in remanufacturing.

4.13 Extending the Deep Learning Modelling to Achieve Automated Inspection

Sections 4.11 and 4.12 have outlined the various algorithms and techniques for achieving surface
inspection in remanufacturing using two different surface-defected data. However, there are still
subsurface defects that are inherent in some products as they return for remanufacturing. Therefore, the
model's extension towards a holistic, automated inspection considers the inspection of surface and sub-
surface defects on components and proposes a structured approach to achieving automated inspection in
remanufacturing. The approach is described as a framework for achieving automated inspection in
remanufacturing, summarised in four vital steps: presentation, examination, decision, and action stages.

This sequence of activities is depicted in Figure 39.23.
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Presentation - includes conveyor systems, robots, communication protocols and
codes used to establish connection between the product and the sensors systems.

Ny

Examination - Includes all forms of sensors used to record product information. It
includes smart sensors, cameras, ultrasonic probes, metal magnetic memory device,
RFID tags, Bluetooth devices etc.

Decision - includes all algorithms used to process the sensor data. These algorithms
include data pre-processing, classification, clustering, and other predictive
alaorithms used in the model.

Action - includes all mechanical systems useful for achieving the implementation of
the model output. It includes all forms of actuation systems that enables seamless
accomplishment of the automation. It is usually mechanisms and in advanced
applications, include robots for performing specific activities.

The presentation stage involves getting the products and components to the inspection point alongside
enabling the inspection process. This step enhances automated inspection by using a conveyor
transportation system and, where necessary, a robotic arm to enhance proper product inspection through
picking and rotation to achieve a full view of the object. Furthermore, the examination stage evaluates
the conforming features obtained through connected sensors' recordings. It uses sensors to collect data
about the conditions of the components alongside historical data obtained from the products MoL. The
sensors include visual, non-visual, ultrasonic, and other sensors that can detect internal defects in
components. Besides, the decision stage can be likened to a binary decision to accept or reject the
component or product, achieved using the learning algorithm. Therefore, the decision stage is critical in
achieving automated inspection and forms the basis of modelling using deep learning algorithms.
Lastly, the action stage uses an actuation system to activate the next remanufacturing sub-processes to

sort, inspect, control, or exit the process.

However, to achieve the full automated inspection for remanufacturing, the examination stage is
modified to include sensor systems that can assess surface and sub-surface defects on components,
alongside any historical data about the product usage during the MoL. These modifications were
investigated with the design for automated inspection proposed as the framework for achieving

automated inspection in remanufacturing.

The proposed design for automated inspection captures the requirements to automate vital processes in
remanufacturing using deep learning-based models and other associated technologies. The design for

automated inspection (DfAl) model evaluates the automated inspection in remanufacturing, which
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differs from the automated inspection in manufacturing, most notably to evaluate and identify inherent
internal properties of a product to undergo a new life cycle without failure. In addition, the integrity test
is not always applicable in automated inspection in manufacturing, where the wear and strength
properties of products are not verified before the product is returned for reuse during remanufacturing,

thereby making the DfAI in remanufacturing a vital tool to enhance productivity.

The DfAIl system details the integration of a product's historical data and status data to achieve
automated inspection by inspecting the product's surface and sub-surface defects. The connected visual
sensor systems detect surface defects, while non-destructive inspection (NDI) methods identify the sub-
surface defects. In addition, other inherent usage information obtained from the 10T system is fused
with the NDI and visual inspection results to obtain a holistic inspection system that can perform at

every stage of remanufacturing, including the reverse logistic stage.

Manipulator robot
Cores

- Conveyors

:

Sensor Model
Data m ‘
‘ Recycling and
Disposal
loT Data
Remanufacture

Figure 40 High-level design approach of the design for automated inspection

The vital components of the design for the automated inspection system in Figure 40.24 are summarised

as follows:

e Cores - products returned for remanufacturing.

e Conveyors - The transport system of the products to the point where remanufacturing starts.
e Manipulator - Robot device used to achieve multiple viewpoints for the fixed visual sensor.
e Camera - A visual inspection sensor to record images/videos of products.

e Sensor data - The ultrasonic inspection sensor from sub-surface defected components

e 10T Data - The product's historical MoL (usage) data.

e Storage - Storage consists of products for recycling and disposal.

e Remanufacturing - Subsequent stages of product remanufacturing after acceptance.

e Model - The decision-making unit of the automated inspection model.

Nevertheless, the inspection faults anticipated by the model are pre-determined at the model design
stage, and it helps in selecting the appropriate sensing devices and sensors used for recording the

product conditions, which are labelled for use as training samples. Furthermore, the DfAIl system
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involves six key stages: data loader, pre-processing, modelling and model selection, training,

evaluation and improvement [28], [30], [103].

First, the data loader refers to the process of reading the data into the model. At the same time, the pre-
processing step involves resizing the data to suit the model architectural requirements and partitioning
the data into training, validation, and test sets, obtained as a percentage of the entire data and used for
evaluating the model performance. Besides, the model is a computational algorithm consisting of multi-
layer CNNs. The modelling involves creating the types of input, outputs, the type, and the number of
layers, specifying the stride, padding, selection of performance metrics, etc. It also defines how the
computational model processes the input and output. Finally, the model selection consists of choosing a
state-of-the-art model and performing transfer learning using new data. Moreover, this approach to
visual inspection modelling has successfully identified seven visible fault types, including rusting,
crack, pitting, and other combination faults. The samples were recorded, pre-processed and used to train

a deep convolutional neural network model for remanufacturing inspection [103], [344].

Furthermore, another crucial stage of non-destruction inspection is determining the products' structural
integrity. The structural integrity test guarantees that the product for reuse can work optimally for
another life cycle without failure, thereby making the test for components for reuse a vital part of
remanufacturing. It ensures the product's internal characteristics are assessed before providing quality
assurance. The design for testing in remanufacturing has been proposed and acts as a mathematical
framework for achieving NDT inspection as a remanufacturing design consideration. The design for
testing considers the components' shapes and data acquisition geometry to provide the advantage of
enhancing in-service inspection and increasing the range of components suitable for remanufacturing
[357].

Moreover, the sub-surface inspection involves adopting the design-for-testing method like the multi-
objective optimisation that focuses on maximising the coverage of ultrasonic fields throughout
components while also minimising the number of ultrasonic transducers used for the assessment.
Researchers investigated the practical implementation of the design-for-testing to understand the
optimal placement of ultrasonic sensors on the product boundary and the ultrasonic field coverage area
using the PZFlex software [357], thereby confirming the product's shape is a vital design consideration.
Furthermore, the design for testing enhances non-destructive testing, thereby improving integrity and

certifying the quality of products after remanufacturing.

Nevertheless, internet-connected devices, also known as the internet of things (l1oT), is another essential
technology to enhance remanufacturing by providing connectivity and interaction between the cyber
world and the physical devices. It allows for the recording and analysis of historical data about product
conditions to make data-driven decisions. Recent advancements in hardware, software, and

communication technologies have advanced loT-connected sensing devices to provide observation and
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data measurements from the physical world [358]. The technology uses a more recent design of
embedded chips to record product health data during use and decides the product conditions at end-of-
life. The loT data includes the middle-of-life data incorporated in the pre-disassembly inspection, which
are only available to OEMs that remanufacture their products at end-of-life. Perhaps, since these MoL
data are not readily available to third-party remanufacturers for almost every product for
remanufacturing, making these data publicly available would enhance the design of automated

inspection systems for remanufacturing applications.

Conversely, the design for automated inspection uses the photogrammetry approach requires the
optimal camera placement for adequate coverage of the objects using the triangulation of multiple
viewpoints [359], with the highest model prediction from the respective camera outputs returned as the
final model prediction. The method was not implemented directly due to cost constraints. However, the
implemented DfAI system incorporated a single camera with multiple low-level transformations,
including rotations, flipping, width and height shifts, scaling etc., introduced to enhance the model's

generalisation ability during training [360].

4.13.1 Benefits of Design for Automated Inspection

The benefits of the design for automated inspection include enhancing throughput, product inspection
accuracy, and reducing workplace hazards associated with remanufacturing processes, alongside factory
lead times [361]. These benefits are achievable using the DfAl approach, enhancing the
remanufacturing process. Automating the remanufacturing processes, especially the inspection stage,
reduces the complications in the process, alongside the efficient reuse of materials and components,
thereby reducing the non-remanufacturable parts and waste, improving value recovery and quality
assurance of remanufactured products and reducing remanufacturing cost [362]. The DfAI provides the
platform to explore new process improvement methods and improve inventory management. These
benefits have been outlined using a discrete event simulation of an automated inspection system for

remanufacturing [361]. The DfAI framework addresses the following critical issues in remanufacturing

e Process requirements for achieving and deploying an automated inspection in remanufacturing.

e Outlines the high-level hardware setup requirements for automated inspection in
remanufacturing.

e Understand the situational considerations for achieving automated remanufacturing inspection.

e Expand the methodologies for achieving automation inspection in remanufacturing.

o Enhance the understanding of the different levels of inspection in automated inspection.

o Apply deep learning techniques for automating processes in the remanufacturing industry.

In summary, the most significant advantage of the DfAl is that it can be incorporated into existing
remanufacturing processes by re-engineering the systems, thereby creating new systems and designs for

automated inspection.
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4.14 Chapter Summary

This chapter presented the modelling and development approach, including the research design,
frameworks, model dependencies, data preparation and pre-processing, computational model design
and development considerations, training, and evaluation. It further outlined the deep learning-based
approach for surface inspection applications in remanufacturing. It presented two different inspection
cases and compared the performance of three models, including the pre-trained VGGNet, training from
scratch, and the newly developed model. The model's performance suggests that the developed models
can also be used at the initial point of product collection to assess the condition of components on
arrival. The chapter has successfully addressed research questions (Q2) by modelling remanufacturing

inspection using the developed algorithm, thereby automating the process and improving efficiency.

Besides, these inspection applications have already been helpful in the industrial post-cleaning
inspection of torque converter remanufacturing. The application is new knowledge in the form of a
learning algorithm that can be used in automated inspection processes in remanufacturing alongside the
proposed design for the automated inspection framework. Furthermore, the chapter also presented a
holistic, automated inspection technique achieved by extending the developed deep learning-based
inspection application to include assessing and detecting sub-surface faults. The framework named
design for automated inspection (DfAl) is another tool that helps remanufacturers quickly identify the

automated inspection setup requirements.
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CHAPTER FIVE

MODELLING COMPONENT SORTING AND PROCESS CONTROL IN
REMANUFACTURING USING DEEP LEARNING

5.0 Introduction

This chapter focuses on adapting the researcher's deep learning algorithms to the remanufacturing
sorting and process control applications. It addresses the research question (Q4), where the developed
model is adapted in other remanufacturing applications. The chapter presents the design modification of
the developed convolutional neural network model to achieve remanufacturing sorting and process
control. The training and evaluation are explored on EoL products during remanufacturing, with the in-

case results and analysis evaluated for proper deductions.

5.1 Modelling Sorting in Remanufacturing Using Deep Learning

The modelling approach for the sorting application is developed as a multiclass classification problem
that performs a classification as positive or negative for the respective classes. The multiclass
classification differs from the binary classification problems modelling across other applications,
including the model's loss function and the output, which is a SoftMax function. These parameter
modifications are performed on the learning algorithm before training and evaluating the model. The
sorting application is modelled as a supervised learning problem using labelled data. It explores deep
convolutional neural networks for developing sorting systems to categorise remanufacturing products
and components. Nevertheless, the sorting application uses the deep learning recognition application,
where specific parts are identified from the images of the components taken by a connected camera
system. The typical pipeline of a machine learning model is depicted in Figure 415.1. It consists of the
camera unit used to obtain data and a pre-processing unit that prepares and presents the data in the
model format. During this training, the model learns the patterns in the data and the testing stage, where
predictions are evaluated as the model output and finally improvement stage, where the model

performance is enhanced after evaluation.

Improve C ;/' Obtain

model data

Prepare

Test model data

l\/ Train

model
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5.2 Sorting Application and Data

The investigation of the use of DCNN for automated sorting in remanufacturing consists of an object
recognition system that aims to identify objects in the video stream. These identified objects are
afterwards sorted into categories using the designed system. The sorting technique can be adopted for
pre-disassembly, post-disassembly, and other operations during or after remanufacturing. The existing
sorting techniques have been discussed extensively in Section 3.12.2 alongside the limitations of the
existing methods. Finally, the development of the deep CNN-based sorting system for remanufacturing

applications is presented.

The sorting application considers the torque converter system components recorded during this
research. The experiment investigates the possibility of detecting faults as the intended sorting solution
is based on fault recognition. The distance between the camera and the objects on the conveyor system
was limited to approximately 40" to ensure that the camera's coverage was restricted to one object at a
time using the existing programmable logic controller's time delay. As lighting contributes to visual
sensing, the recording was made in an industrial work setting to reduce lighting effects after

development.

The data consist of twenty (20) object categories of the torque converter units, including the dampers,
stators, housing, impellers, turbine, pressure plates and a whole torque converter system. The twenty
(20) object classes corresponding to each object under consideration are Damperl, Damperl, Damper3,
Housingl, Housing2, Housing3, Impellerl, Impeller2, Impeller3, PressurePT1, PressurePT2, Remanl,
Reman2, Reman3, Statorl, Stator2, Stator3, Turbinel, Turbine2, Turbine3. The sample mini-batch is
shown in Figure 42, which highlights a single batch of 16 images read by the model during training.
The mini-batches were read until all the samples were taken into the model to complete the single

epoch and afterwards repeated until the total epochs were covered.

Figure 42 One batch of the original torque converter samples used to train the model
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5.3 Model Parameters / Hyperparameters and Modification

The architectural modification for the CNN model used for the inspection application is necessary to
adapt the developed model to perform component inspection in remanufacturing. The modified
architecture used in the experiment is described in Table , highlighting the number of filters used in the
input, hidden, and output layers of the model alongside the expected number of inputs and outputs
specified as the target in the output (SoftMax) layer. The architecture consists of four convolutional
layers of filter sizes 64, 48, 36 and 20 and two fully-connected layers of 512 and 20 filters. The number
of model parameters amounts to 1,792,908 learnable parameters, which approximates 1.8 million
parameters learnable during training. The architectural modifications and the calculations are outlined
in Table , showing the shape modifications as the model learns the patterns in the data alongside the

total number of parameters learned at each stage of the transformation.

Layer Type Output shape Activation size Parameters

Input (None, 52,52,3) 8112 0
Conv2D (None, 52,52,64) 173056 1792
Activation (Swish) (None, 52,52,64) 173056 0
Conv2D (None, 52,52,48) 129792 27696
Activation (Swish) (None, 52,52,48) 129792 0
Maxpooling (None, 26,26,48) 32448 0
Dropout (None, 26,26,48) 32448 0
Conv2D (None, 26,26,36) 24336 15588
Activation (Swish) (None, 26,26,36) 24336 0
Conv2D (None, 26,26,20) 13520 6500
Activation (Swish) (None, 26,26,20) 13520 0
Maxpooling (None, 13,13,20) 3380 0
Dropout (None, 13,13,20) 3380 0
Flatten (None, 3380) 3380 0
Dense (None, 512) 512 1731072
Activation (Swish) (None, 512) 512 0
Dropout (None, 512) 512 0
Dense (None, 20) 20 10260
Activation (SoftMax) | (None, 20) 20 0

Consequently, like the original architecture, the width m, the height n, the number of filters in the
previous layer d, the bias term b and the number of filters in the current layer under consideration k, all
contribute to estimating the number of parameters in the model. The number of parameters P of the
model is obtained using the kernel size of [3,3], which represents m,n, channels in input d =3, and
current layer k = 64 [352]. The layer-specific parameters of the model are obtained using equation 4.12
as follows.

P=((m*n*d)+1)*k
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Layer 1= ((3%3x3)+1)*64=1792
Layer2 = ((3 %3 x64) + 1) x 48 = 27696
Layer 3= ((3%3x48) +1) » 36 = 15588
Layer 4 = ((3%3x36) + 1) * 20 = 6500
However, the fully connected are modified to suit the data for the remanufacturing sorting application
with twenty classes; therefore, the layer parameters are determined using the activation size of the
model using the relationship of equation 4.13.
P = current layer activation * previous layer activations + current layer activations
Layer 5 =512 %3380 + 512 = 1731072
Layer 6 = 20 x 512 + 20 = 10260
The total number of parameters becomes the sum of the respective layer parameters of the model,
giving the 1,792,908 parameters. The overall architecture for implementing the deep learning inspection

application in remanufacturing is attached as Appendix 2B.

5.4 Experiment and Model Training

Adapting the developed model for sorting in remanufacturing involves the modification of the
developed architecture to suit the data for the sorting application. The data consist of twenty (20)
categories of 3578 images per class, making up the 71560 images, helpful in evaluating the adaption of
the developed model to achieve automated component sorting during remanufacturing. Besides, the
developed model is a multilayer architecture consisting of filters and other components useful for
learning patterns in each data. A supervised learning approach is used to train the model, where data

and labels are required to train the models.

The training process is similar to the other applications where the model incorporates an optimiser that
updates the model parameters, a scoring function that compares the predictions and true values and a
metric to assess the performance, thereby obtaining the model's optimal weight and bias parameters
after multiple iterations over the train set. These model layers must be compiled before the training is
initiated. The compilation is achievable using compile method in Keras, which builds the model and is
ready for training. The training process optimises the weight parameters that enhance the model's
performance using the model hyperparameters outlined in Table 4..1, after which the model is saved for
future inference after training. In addition, the model incorporates an AdaMax optimiser, a categorical
cross-entropy loss, and the accuracy metric used to score the model's performance. Similarly, a 25%
dropout is applied to the first fully-connected layers and a 50% dropout to the last fully-connected

layers to minimise overfitting during training.
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5.6 Results and Discussions

The evaluation involves performing predictions using the serialised model weights, passing the unseen
test data and labels to the model, and evaluating the performance. The evaluation was performed across
two stages: the test set and the live feed from a connected camera to return the number of correctly

classified images. The evaluation results outline that the model features achieved high performance.

The model's training results in Figure 43 show that the accuracy peaked just after the 10th epoch and
maintained high performance over the 50 epochs used to train the model; however, the performance
was slightly degraded. Nevertheless, the sorting model accuracy of 99.99% was obtained during
training alongside a validation accuracy of 100%. Moreover, the model loss obtained was negligible
since the model's training, and validation losses were almost zero after the 40th epoch, supporting the

model's high prediction results.

Training loss plot on the Torque Converter data Training accuracy plot on the Torque Converter data
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The misclassification of the researcher developed model prediction adapted for the sorting application
is given by

M =1 — Accuracy
M =1-0.9999 = 0.0001

Conversely, the sorting misclassification of 0.01% obtained from the model predictions suggests that the

model successfully sorted the Torque Converter components into categories.

Moreover, inference involves making predictions on a model using the serialised model weights.
Finally, the model inference step includes passing the unseen data on the model to evaluate its
generalisation ability. The test output was visualised using the confusion matrix in Figure 44, showing
no misclassification in the sorting application, justifying the model's high prediction accuracy and low

misclassification result.
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Figure 44 Sorting model confusion matrix.

Moreover, the inference from the connected camera focuses on a conveyor carrying the cleaned end-of-
life products ready for the post-cleaning inspection, where the components are automatically identified
and sorted into different classes using the model and the connected camera. The online testing helped
visualise the model's predictions in real time, as shown in Figure 45. The codes to load the serialised
model weights and make prediction was started, and the corresponding results from the live video feed
were observed and recorded. As a result, the model accurately sorted the respective torque converter

components into categories. A cross-section of the online sorting predictions is shown.
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Model prediction in progressI - X Model prediction in progress !t - X

Figure 45 Sorting model predictions result from single-camera inputs

Nonetheless, the model can be incorporated primarily into both the pre-disassembly and post-
disassembly inspection stages, where products are mixed during the reverse logistics and cleaning
processes, prompting the need for an automated sorting process. The developed deep learning-based
sorting system becomes a handy technology to automatically assess the product conditions and classify

them into similar products.
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Moreover, like every other data-hungry model, the sorting application requires a significant amount of
training data, representing a challenge for applying CNN models for sorting in remanufacturing.
Furthermore, the datasets used to train the models cannot contain all defects available by default for the
industrial application under investigation, making holistic generalisation unreasonable. However, other
authors have identified these similar limitations in using the CNN models in other industrial

applications like Agriculture [363].

5.7 Modelling Process Control in Remanufacturing Using Deep Learning

The modelling approach for the process control application is developed as a binary classification
problem that performs a classification as positive or negative for the respective classes. The binary
classification differs from the multiclass problems modelled for the other applications, including the
model's loss function and the output. These parameter modifications are performed on the learning
algorithm before training and evaluating the model. The process control application is modelled as a

supervised learning problem using labelled data.

5.7.1 Process Control Application and Data

The investigation of the use of DCNN for automated sorting in remanufacturing consists of an object
recognition system that aims to identify objects in the video stream. These identified objects are
afterwards used to trigger the actuation system to control a pressure valve to dry the cleaned torque
converter units. The process control technique can be adopted for post-cleaning and pre-disassembly
process control during or after remanufacturing. The existing process control techniques have been
discussed extensively in Section 3.12.3 alongside the limitations of the existing methods. Finally, the
development of the deep CNN-based process control system for remanufacturing applications is

presented.

The process control application considers the torque converter system components recorded during this
research. In addition, the experiment investigates the possibility of detecting wet surfaces after EoL
product cleaning. The distance between the camera and the objects on the conveyor system was limited
to approximately 40" to ensure that the camera's coverage was restricted to one object at a time using
the existing programmable logic controller's time delay. As lighting contributes to visual sensing, the

recording was made in an industrial work setting to reduce lighting effects after development.

The data consist of two (2) object categories of the torque converter units, including the wet and dry
samples of the torque converter system. The two (2) object classes corresponding to each object under
consideration are Wet and Dry. These labels helped identify and highlight the model predictions after

training.
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5.8 Model Components, Hyperparameters and Modification

The architectural modification for the CNN model used for the inspection application is necessary to
adapt the developed model to perform process control in remanufacturing. The modified architecture
used in the experiment is described as follows in Table 5.2, which highlights the number of filters used
in the input, hidden, and output layers of the model, the expected number of inputs and outputs
specified as the target in the output (Sigmoid) layer and the scoring function. The architecture consists
of four convolutional layers of filter sizes 16, 16, 8 and 8, one fully-connected layer of size 512 and a
dense filter. The architecture has a total of 697,761 parameters, all trainable parameters obtained by
modifying the number of filters and the output layer, alongside monitoring the performance of the

developed model.

Layer Type Output shape Activation size Parameters

Input (None, 52,52,3) 8112 0
Conv2D (None, 52,52,16) 43264 448
Activation (Swish) (None, 52,52,16) 43264 0
Conv2D (None, 52,52,16) 43264 2320
Activation (Swish) (None, 52,52,16) 43264 0
Maxpooling (None, 26,26,16) 10816 0
Dropout (None, 26,26,16) 10816 0
Conv2D (None, 26,26,8) 5408 1160
Activation (Swish) (None, 26,26,8) 5408 0
Conv2D (None, 26,26,8) 5408 584
Activation (Swish) (None, 26,26,8) 5408 0
Maxpooling (None, 13,13,8) 1352 0
Dropout (None, 13,13,8) 1352 0
Flatten (None, 1352) 1352 0
Dense (None, 512) 512 692736
Activation (Swish) (None, 512) 512 0
Dropout (None, 512) 512 0
Dense (None, 1) 1 513
Activation (Sigmoid) (None, 1) 1 0

Besides, like in the original architecture, the width m, the height n, the number of filters in the previous
layer d, the bias b and the number of filters in the current layer under consideration k helped estimate
the model's number of parameters. The number of parameters P of the model is obtained using the
kernel size of [3,3], which represents m, n, channels in input d =3, bias term b = 1, and current layer
k = 16 [352]. The model parameters are obtained using the relationship of equation 4.12 as follows
P = ((m*n*d)+b)*k
Layer 1= ((3%3x3)+1)*16 = 448
Layer2 = ((3%3x16) + 1) * 16 = 2320
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Layer3=((3%*3%16) + 1) 8 = 1160
Layer4 = ((3%3x8)+1)*8 =584
Nevertheless, the fully connected are modified to suit the data for the process control application to suit
the suit classes used in the investigation; therefore, the layer parameters are determined using the
activation size of the model using the relationship of equation 4.13.
P = current layer activation * previous layer activations + current layer activations
Layer 5 =512 %1352 + 512 = 692736
Layer 6 =1%512+1 =513
The total number of parameters becomes the sum of the respective layer parameters of the model,
giving 697,761 parameters. The other model parameters and hyperparameters useful for the training are
outlined in Table 5.3. The most significant modification in the hyperparameters was the loss function
and output activation. The binary cross-entropy loss scoring function was used alongside the Sigmoid

squashing function at the output required for the two-class input data.

(Hyper)parameters Value
Batch size 16
Epochs 50
Learning rate 0.005
Dropout 0.25/0.5
Activation Swish and Sigmoid
Loss Binary-crossentropy
Optimiser AdaMax
Metric Accuracy

The overall model architecture for implementing the deep learning inspection application in

remanufacturing is attached as Appendix 2C.

5.9 Experiment and Model Training

Adapting the developed model for process control in remanufacturing involves the modification of the
developed architecture to suit the data for the sorting application. The data consist of two (2) categories
of 7156 images per class, making up the 14312 images, helpful in evaluating the adaption of the
developed model to achieve automated process control during remanufacturing. The developed model
is a multilayer architecture consisting of filters, convolutional and pooling layers, helpful in learning
patterns in each data. A supervised learning approach is used to train the model, where data and labels
are required to train the models. The model data was partitioned such that each class contained either
the dry or wet samples. The test samples are loaded with the flow_from_directory function, which uses

an alphabetical order to assign each class, making the class labels 0 for dry and 1 for wet samples. The
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test images are loaded at first and then resized to 52 x 52 x 3, which is the size of the inputs used to

train the model.

The training process incorporates an optimiser that updates the model's parameters, a loss function that
compares the predictions and actual values and a metric to assess the performance, thereby obtaining
the model's best weight and bias parameters after multiple iterations over the training set. First, the
model is compiled using the Keras build function before training. Next, the training process adjusts the
weight parameters of the model using the model hyperparameters outlined in Table 5.3 until the
specified epochs are complete, after which the model is serialised and saved for future inference after
training. In addition, the model incorporates an AdaMax optimiser, a binary cross-entropy loss, and the
accuracy metric used to score the model's performance. Besides, the dropout of 25% and 50% were

applied to the model's first and final fully-connected layers to minimise overfitting.

Conversely, the model evaluation involves making predictions using the serialised model weights and
testing the unseen data alongside predicting from connected camera sensor data. The serialised weights
are loaded and used for classifying the wet and dry samples. However, the adapted process control
application's performance was evaluated. As a result, the model produced final training and validation
accuracies of 99.98% and 100%, respectively, while classifying the wet and dry components. The high
prediction accuracy highlights that the model performed impressively on the test data. Furthermore, the
high validation accuracy suggests that the model generalised well on unseen data, which is essential for

deploying the developed model in real-time.

Consequently, Figure 46 shows that the model's training and validation errors are comparatively low.
Moreover, towards the end of the training, the model produced approximately zero loss justifying the
excellent performance. The validation and training errors are almost equal, highlighting a low bias and

low variance in predicting the classes under investigation.
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Nevertheless, the misclassification rate of the researcher developed model prediction adapted for process
control is given by
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M =1 — Accuracy
M =1-0.9998 = 0.0002

Overall, the model produced a minimal misclassification error of 0.02% on the process control data
used in the first stage of the evaluation. These results further support that the model can achieve process

control in remanufacturing, thereby attaining holistic process automation.

5.10 Results and Discussion

The method of adapting the deep learning techniques for process control in remanufacturing is
investigated in the application. The researcher developed deep convolutional neural network model for
recognising objects for process control to identify and classify wet parts that require the pressurised
drying system to activate and dry the component. As a result, the process control application recognised
various torque converter components, including dry and wet ones, with very high accuracy and used the

results to control the valve for drying the components.

Conversely, the model prediction visualisation using OpenCV, a computer vision library, helped
evaluate the performance of the developed model for process control during remanufacturing. First, the
serialised weights are loaded and used to predict the inputs from the connected camera. Then, the model
predictions were performed, with the predictions displayed using custom texts that show the predicted
class. The text was also adjusted in position, colour, and size and inserted in the algorithm to show the
predicted class around the top area in the original image. Besides, the inspection model predictions
from the connected camera's live video feed highlight the model's performance, with some of the

respective class predictions shown in Figure 47.
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Figure 47 Cross-section of the model predictions from connected camera

5.11 Chapter Summary

This chapter outlined the process of adapting the developed deep learning model to achieve an
automated sorting and process control in remanufacturing alongside evaluating the model performance
using deep convolutional neural networks. The results highlight that the products and components for
remanufacturing were successfully sorted into different categories using the developed model,
suggesting that deep learning models can achieve automated visual sorting in remanufacturing. Besides,
the model was also successfully adapted to remanufacturing process control and tested using the torque
converter components. Finally, the chapter has successfully addressed research questions (Q4) by
applying the newly developed model to the remanufacturing process control and sorting applications,

automating the processes (Q2) and providing the benefit of process improvement.
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CHAPTER SIX
QUANTITATIVE ANALYSIS AND INDUSTRY FEEDBACK

6.0 Introduction

This chapter evaluates the cross-case analysis of the various parameters of the developed models to
assess and understand the model performance alongside addressing the research question Q3. Chapter 2
presented various reviews and summaries of different model parameters, including activation function,
optimisation, batch normalisation, and other model regularisation methods to improve model
performance and generalisation. The effect of these parameters on the different process data used to
model the respective remanufacturing processes is evaluated. Furthermore, it highlights the research
validation and verification exercises performed, which are a series of processes to assess the reliability
and accuracy of computational models. Chapters 4 and 5 outlined the various deep learning models for

remanufacturing sorting, inspection, and process control applications.

Besides, the analysis of the single-domain models highlights that the learning algorithm's performance
and the classifier's performance are two broad approaches to testing classifier models [331]. This
research analysis extends from the experimental design of the research. An experiment is "a carefully
worked-out and executed plan for data collection and analysis" [364]. A properly designed experiment
allows for the inference of causations. The plan for the model analysis is structured to consider vital
parameters of the algorithm that can be analysed from the model to improve performance. The
overview of the performances adapts the proposed taxonomy of statistical questions, as shown in Figure
48, which outlines the crucial questions that general learning models focus on [331]. These vital

questions are structured from the model hyperparameter, which helps make critical decisions.
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Figure 48.1 Adapted Model analysis approach for comparing predictive classification tasks [331]

It is worth outlining that both single and multiple domains consider similar questions; however, the
specific applications make the difference. Unlike the single domains where the intense focus is to

design an algorithm or classifier that can perform well in a particular task like the remanufacturing
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inspection, sorting, or process control tasks. The analysis of the single-domain models focuses on either
of the following [331]:

e Performance of the learning algorithm

e Performance of the classifier

The developed algorithm's analysis focuses on the model's hyperparameters to support decisions made
in the design and enhance understanding of the model. Besides, it is essential to highlight that the
analysed models fall into single-domain applications that require algorithm modifications to work on

different domains where necessary.

6.1 Analysis of the Learning Algorithm

The analysis of the developed model is performed to evaluate the model's performance. Researchers
suggest that classification models require a minimal statistical analysis if there is enough data to
accommodate keeping a test set out of the training set during training [331]. This approach changes the
model design focus from providing statistical hypotheses to focusing on the model-specific parameters
to evaluate the performance. The performance of the newly developed learning algorithm is evaluated
and presented based on the crucial parameters that affect the performance of these models. The
evaluation of the VGGNet used to explore the initial model is not considered because the VGGNet
model was tested and optimised during development before they were released; therefore, altering the
internal components of those architectures creates another new model that requires optimisation. This
hyperparameter optimisation aims to achieve optimal performance from the model. The code tree for

the model analysis is shown in Appendix 1B.

Nevertheless, the effect of different parameters and hyperparameters of the neural network has been
evaluated by other researchers; however, the empirical investigation of the performance of CNN and
RNN models when the architectural designs are modified validates that there are substantial
performance fluctuations when changes in the number of hidden layers, batch size, and learning rate of
a given model, thereby highlighting the need to consider these factors when designing the

computational models [365].

6.2 Model Hyperparameters

The deep learning model hyperparameters are variables predefined before training a given deep
learning model. These hyperparameters constrain the model to fit the provided data and are passed as
arguments to the constructor used in the model estimators. The nature of model hyperparameters is also
vital for determining how they are used. There are continuous, discrete, and categorical
hyperparameters. The discrete hyperparameters are valuable for evaluating the number of estimators in
ensemble learning models. Conversely, the categorical helps to implement model regularisation and
loss functions while the continuous help to determine the penalisation coefficient and the number of
sample splits. The nature of model hyperparameters effectively outlines the intervals of parameter

search during the investigation. Moreover, the most significant tuning considerations include the total
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number of model parameters, the nature, the available computational resource, and the low effective
dimensions. The low effective dimension avoids searching the hyperparameter spaces where the model

performances do not increase.

Moreover, there are different methods of hyperparameter search optimisation, including manual search,
grid search, random search, and Bayesian search, among others [366]. The manual search is an initial
technique for finding the model parameters that produce a near-optimal performance. It provides an
intuition of the vital area to focus the parameter search and the initial values for the grid search method.
The manual search helps familiarise model hyperparameters and their effects while setting up a
benchmark comparison model before optimisation. However, the manual search is often limited
because it is time-consuming and lacks reproducibility due to the undocumented random combination
of parameters at the initial testing stage. In addition, it does not explore the entire hyperparameter space

or scale because a small part of the model parameters was used in the manual search.

Conversely, the various hyperparameters that describe the CNN models are outlined in Table 6.16.1,
which make up the model architecture. These model parameters include the number of layers, dropout
rate, optimisation technique, number of neurons per layer, activation functions, loss models, batch sizes,
epochs, learning rate, verbose, output metrics, etc. Model parameter choices involve deciding the
appropriate design configurations to achieve the research aims and objectives. The individual decisions
at the design stage include the model architecture, activations, pooling and regularisation techniques,
optimisation, and the frameworks to use. The model development considers these hyperparameters used

to control the model performance.

(Hyper)Parameters Function

Layers Layers describe the model topology of the given architecture.

Batch size Number of samples to pass to the model at a given time

Epochs Number of times to present samples to the model

Verbose Debug parameters are used to control the display on the shell screen.

Learning rate The parameter that controls the minimum step size that the model uses for

moving toward a minimum loss

Dropout A technique to drop node units randomly during training.

Optimiser Process of finding the parameters that give the minimum or maximum output
Loss The loss defines the objectives on what performance is evaluated

Metrics The parameter used to determine the model performance include accuracy,

error rate, false positive rate etc

However, an identified challenge of learning models is the heuristic nature of finding the

hyperparameters since there are no specific formulas to obtain the best model parameters. Therefore,
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the choice of the number of hyperparameter combinations to test is critical. The higher the number of
combinations, the better the performance at the cost of the improved computational burden. However, a
cautious approach to increasing the parameters can lead to non-improved performances when the model

capacity is reached.

6.2.1 Model Initialisation

Model initialisation is essential when training deep convolutional neural network models from scratch.
This is because it helps to ensure the model parameters do not vanish during training, often referred to
as a vanishing gradient, which results when specific model parameters are so small to propagate to the
output layer of the model. Instead, the initialisation ensures that model parameters are kept within
ranges during the entire training process using the variance of the distribution. Moreover, three
experiments were performed on the sorting and inspection application datasets to evaluate the
repeatability effects on different tests. The researcher-developed model was used, and the effect of both
the Gorot and He initialisations methods were evaluated for both uniform and normal distributions. The
uniform distribution has a constant probability of occurrence and the normal distribution; usually, a
Gaussian distribution has zero mean and standard deviation of 1. Figure 2 shows the plots of the effect
of initialisation methods. The results highlight a correlation between the model losses reducing across

the four initialisation methods and the accuracy increasing across the four methods.

Furthermore, the two-inspection data produced identical performance on model loss and accuracy;
however, the sorting application produced a slightly downgraded performance compared to the
inspection applications. Moreover, these performances highlight that model initialisation slightly
impacts the performance after training the designed architecture, although the two mainly used deep
learning initialisation methods were considered. However, the He uniform initialisation works best on

the architecture as it achieved very high accuracy and obtained the most negligible loss.
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Figure 6.2 Effect of weight initialisation on performance: at the top - inspection I, middle - inspection II,

bottom - sorting.

Furthermore, the He initialisation works better for both the uniform and normal distributions of weights

used in the model evaluation, with the Gorot's normal initialisation producing the worst performance.

On the other hand, the He uniform initialisation achieved the best performance on the sorting and

inspection | data. In addition, it obtained the highest prediction accuracy and lowest loss, attaining
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significant results in the inspection Il application. This result informs the choice of He uniform

initialisation as the default initialisation of the architectures used in the research.

6.2.2 Selection of Batch Size

Batch training is a model regularisation method that enhances performance. The batch size is a mini-
batch of training samples that make up a training batch, and it represents the number of samples read by
the model per iteration before updating the model weights parameters. The batch size ensures that the
computer's memory is not overwhelmed by the total samples passed at any given time during training,
thereby maximising the use of the system memory. It also impacts the training speed as the larger
batches increase training speed in contrast to the smaller batch sizes, causing an increase in training
time. The stochastic gradient descent with parameters 6 considers the model training as a non-convex
optimisation problem that corresponds to the loss minimisation L(6) with respect to the parameter 6
where the loss is defined as the average loss per training example L;(8) over the entire training

examples. The model loss is given by
m
1
L©®) = — > Li(6)
i=0

Where m =size of the training set. The batch size significantly affects the generalisation of a deep
learning model alongside the training time, as tiny batch sizes increase the overall training time. The
effect of batch size on the network's performance has been investigated by researchers with notable
performances outlining that the batch size improves performance for more effective learning rates while

lower learning rates produce good performances on smaller batch sizes [367].

The effect of the batch size on the three applications was evaluated. The results highlight the smaller
batch sizes seem to perform well across the applications, with the batch size of 16 samples producing
the best performances, as outlined in Figure . Besides the batch size of 16 representing the number of
iterations to run one epoch for the 70% of the datasets used for the model training is given by

20037

The number of iterations per epoch for the first inspection application is v

= 1252 iterations /epoch.

39992 — 3130 iterations/epoch.

The number of iterations per epoch for the sorting application is "

20160
16

= 1260 iterations/

The number of iterations per epoch for the second inspection application is

epoch. These iterations are completed before any model weight updates during training. This batch size

was chosen and fixed in the training of the final models.
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Figure 6.3 Effect of batch size on performance: top - inspection I, middle - inspection 11, bottom - sorting.

However, the results suggest that the smaller batch sizes obtain better performance to attain peak
accuracy alongside the least losses during training, highlighting that smaller batch sizes enhance
optimal performance, with the larger batch sizes showing poor performance. However, balancing the
speed and accuracy informs the choice of a batch size of 16 as it achieved comparable loss and

accuracy to the smallest batch size.
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6.2.3 Effect of Batch Normalisation on Model Performance

The batch normalisation aims to improve the training speed of the model by normalising the activations
of the given input volume before propagating to the subsequent layers. The batch normalisation has
been discussed in detail in Section 3.11.5, and It considers the mini-batch of the activations Z®as the
input feature map, to produce a normalised output as follows

o _ZY-u

norm —
02— ¢

Where Z,(fgrm = normalised feature-map, e = numerical stability constant usually set to 0.001. These
features are controlled by the mean (u) and variance (o) of the mini-batch feature map obtained using

the relationships

1 ; 1 -
p==-%20, 0= ;ZiZ(l)— U

n
However, the value of these selected parameters is of reasonable concern to the designer as significant
computations cause numerical instability; thereby, the need to normalise the data becomes paramount.
Normalisation entails scaling the values of the network weights to range between 0 and 1 or between -1
to 1. It is achieved by dividing every pixel in an image by 255, the maximum obtainable number of

pixels. Normalisation makes the learning process seamless when we train the model.

A plot comparing the effect of batch normalisation on the model performance highlights that a slight
prediction accuracy improvement is achieved across the three applications but is not very significant, as

outlined in Figure 49.
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Figure 49 Effect of batch-normalisation on performance: top - inspection I, middle - inspection 11, bottom - sorting.

6.2.4 Selection of Activation Function

The activation functions are vital parameters of deep convolutional neural network models. These

functions convert the linear parameters of the model to non-linear parameters for further propagation to

the subsequent layers, thereby ensuring that there are no dead neurons during training. The different

activation functions have been reviewed in detail in section 3.11.2.4. However, the selection of the most

appropriate activation function for the model was evaluated in this section. Exploring the different

activations in the model helps select the most appropriate function for the designed architecture to attain

optimal performance. The six selected activations were part of the principal identified functions used in

deep learning research.

169



Nevertheless, investigating and plotting the six considered activations, including ReLU, Swish,

Softsign, Softplus, ELU, and Selu, highlights that these functions compete significantly against each

other except for the Softplus function, whose accuracy and loss responses were poorer than the other
five activations. In addition, the ReLU, ELU, Selu, Swish and Softsign performed remarkably well;

however, some functions produced slightly better performances, as shown in Figure 50. Moreover, the

Swish function produced the best performance, with the highest prediction accuracy across the three

datasets and the most negligible loss after training, thereby supporting the findings that the Swish is an

emerging activation used in deep learning research [234]. Therefore, the Swish function was chosen as

the activation function used in the researcher-designed architecture's hidden layers.

Activation function on model loss

— relu
—— swish
2.0- ——
— selu
softsign
—— softplus
15 -
w
w
=1
-
o
8 10-
=
0.5 -
Y
0.0 - e
0 10 20 30 40 50
Number of Epochs- Inspection | data
Activation function on model loss
— relu
—— swish
—— elu
2.0- ]
softsign
—— softplus
w 15-
w
o
-
o
8 10-
=
0.5 -
00- =
0 10 20 30 40 50
Number of Epochs - Inspection Il data
Activation function on model loss
0.6- —= =0
—— swish
— &lu
0.5 - — selu
softsign
—— softplus
0.4 -
w
[}
c
-l
@ 03
k=1
<)
=
0.2 -
0.1-
0.0 -
0 10 20 30 40 50

Number of Epochs - Sorting data

Model Accuracy

Activation function on model accuracy

10 - —
7=
0.8 -
>
1=
o
3 06
[¥)
<
o
k=]
<}
= 04 — el
—— swish
— &u
— selu
0.2- softsign
_J —— softplus
0 10 20 30 40 50
Number of Epochs - Inspection | data
Activation function on model accuracy
L0 - =
0.8 -
>
o
e
3 06-
9]
<
K]
°
<]
= 04- — relu
—— swish
— elu
— selu
0.2 - softsign
—— softplus
0 10 20 30 40 50

Number of Epochs - Inspection Il data

Activation function on model accuracy
1.000 - q’
0.975 -

0.950 -

0.925 -

0.900 -

— relu
0.875 - —— swish
— elu
— selu
softsign
—— softplus

0.850 -

0.825 - 1 I 1 I I 1
0 10 20 30 40 50
Number of Epochs - Sorting data

Figure 50 Effect of activations on performance: top - inspection I, middle - inspection I, bottom - sorting.
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Perhaps, any activations that achieve peak performance at obtaining the most negligible loss and peak
accuracy in the fastest possible time is the candidate for ideal activation, and the function selected was

based on these vital performance benchmarks.

6.2.5 Selection of Learning Rate

The effect of the learning rate in the training of various learning algorithms is significant to achieving
an optimal model. The learning rate helps the designer achieve a model that does not overfit or underfit
the training data while converging to a local minimum, often called the best accuracy. The effect of
these learning rates is best observed on the learning curves where an ideal learning rate achieves the
least loss and the best accuracy during the neural network model training. In contrast, a high learning
rate produces a model with a very high loss, and a low learning rate creates a model that takes a very
long time to converge if it converges. The pictorial view of the effect of these learning rates is shown in

Figure 51.

r

MNumber of epochs

Moreover, the training process involves the backpropagation of the gradient of the loss function with
respect to the model's weights and, afterwards, updating these weights with respect to the learning rate
using the relationship.
Wi = Ww; - cri
ow;
Where W, = new weight, W; = original weights, ¢ =learning rate, and dt = loss function. The
learning rate determines the decrease applied to the weight parameters during training and controls how
long it takes to complete the training. Moreover, since the most important goal of model training is to
obtain the best weights that produce the least losses, thereby minimising the model's error rate, it is

important to evaluate the learning rate that would produce a high-performing model after training.

The heuristic process of selecting the learning rate for the model considered five learning rates obtained
from a range of recommended rates from deep learning practitioners, ranging from 0.001 to 0.00001.
The evaluation of these rates on the model data highlights that the lowest learning of 0.00001 requires a
very long training time for convergence. At the same time, the highest rate of 0.1 also did not produce
the most optimal performance, suggesting that the model did not reach the global minimum during

training with the highest rate, as shown in the training response of Figure 52.
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Figure 52 Effect of learning rate on performance: top - inspection I, middle - inspection I, bottom - sorting.

However, comparing the other four learning rates highlights that the rate of 0.005 was the most optimal
learning rate, producing the lowest model loss after training. Furthermore, the model prediction
accuracy comparison also justifies that the learning rate of 0.005 was the most optimal rate to achieve

the highest accuracy at the quickest time at approximately five epochs, thereby choosing the model

learning rate of 0.005 for the training of the subsequent models.

6.2.6 Selection of Optimisation Techniques

The effect of the optimisation method on the model's accuracy is outlined for different optimisation

methods used in deep learning applications to evaluate the model performance. The different optimisers
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considered in the model include SGD, Adam, AdaMax, RMSProp, AdaGrad, and AdaDelta optimisers,

among the outlined optimisers in Section 3.10.4.

Furthermore, the results highlight that the Adam and AdaMax functions achieved peaked performances
early during training and maintained high accuracy until the end. Besides, the SGD and AdaGrad were
quick and attained peak accuracy in less than five epochs, maintaining Adam's exact performance level.
However, the Adagrad proved to have the slowest convergence and requires a longer time to achieve
optimal loss and accuracy than the other optimisers. The overall performance of the optimiser is

depicted in Figure 53.
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Figure 53 Effect of optimisers on performance: top - inspection I, middle - inspection 11, bottom - sorting.
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Similarly, the effect of the optimisation on the model loss is similar to the training accuracy. Moreover,
training losses are inversely related to training accuracy; the larger the value of the models' loss, the
lesser the accuracy of the model's predictions and the more work required to improve the model
performance. The loss response suggests that the learning is progressive on all the optimisers as the
losses consistently decrease; however, the Adagrad function produced the highest loss, suggesting that
the optimiser is not performing well on the architecture. Perhaps, from the results, the most appropriate
optimiser is the Adam family. The AdaMax function was selected as the optimiser for the developed
CNN architecture and used in subsequent applications as it performed better than the original Adam on

the architecture.

Finally, other model parameters evaluated during the investigation include the loss function, dropout,
augmentation and shuffling. The dropout was added to the hidden layers to reduce overfitting, while the
different augmentation methods added to the training data include zoom, flipping, and rotation.
However, the augmentation introduced various effects that the fixed camera could not capture during
data collection. The augmentation ensures that the model generalises well on unseen data during testing.
Similarly, a shuffle effect was added to the training examples to ensure the randomness of the data

during model training. The shuffle and augmentation together enhance the model generalisation.

6.3 Evaluating the Model Layers

The evaluation of the model layers is another analysis performed to ascertain that the developed model
is suitable for the modelled tasks. The evaluation of the state-of-the-art VGGNet alongside the
researcher developed models was studied to understand how the deep learning architectures derive the
architectural patterns. Visualising the model learning across the five blocks of convolutional layers of
the VGGNet architectures highlights learning patterns using deep architectures. The comparison of the
state-of-the-art model with the researcher's developed model was performed to visualise the differences
and similarities, especially since the VGGNet model has over 14 million learnable parameters

compared to the 1.423 million learnable parameters in the researcher's developed model.

Moreover, the evaluation involves feeding the VGGNet model with an input image of the same
dimension used to train the model, with the model's output taken from the model's respective hidden
layers. The outputs of the five convolutional block layers of the VGGNet model were obtained as

follows.
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Hence, it is evident that the initial hidden layers act as edge detectors from Figure 54.9. The second
hidden layer in Figure 55 obtained even more refined features than the first hidden layer. Perhaps, the
third hidden layer has the least human-recognisable features in the images, as shown in Figure 56.11.
The deeper hidden layers of Figure .12 and 6.13 have low-level features that can not be distinguishable
by the human eyes.

Conversely, the outputs of the four hidden layers of the researcher developed model were also obtained
to evaluate the performance of the hidden layer filters. The first hidden layer produced almost a replica
of the VGGNet initial hidden layer output, as outlined in Figure 586.14. The other hidden layers also
had similar features extracted and combined in Figure 596.15 and Figure 606.16 to obtain the final
outputs shown in Figure 6.17. The model uses these rich features to understand the patterns in unseen

examples.
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The visualisation from both models highlights that the initial layers of the convolutional neural

networks are similar to edge detectors that capture fine details about the objects. In contrast, the last
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layers are usually dark sheds of grey, which are unrecognisable by humans. Besides, the details in the
hidden layers diminish as the depth of the model increases; however, the model learns these
abstractions to better reconstruct the inputs during classification, thereby making it robust to identify
and perform classification on unseen inputs. Lastly, the darker sheds found in the last layers of the
models are inhibitory weights in the learned features. In contrast, the white square sheds represent the
excited weights of the models and highlight that the researcher developed model successfully learned

the patterns in the data, which is helpful to achieve high classification accuracy.

6.4 Model Confirmatory Test

The developed model's analysis is presented, including the compilation of the predictive results of the
developed classifier, the training from scratch and transfer learning on the VGGNet architecture.
Finally, the confirmatory test is presented to evaluate and relate the model's performance using the
Kappa coefficient, which removes the possibility of the model predictions and random guesses agreeing
alongside measuring the number of predictions that random guesses cannot explain.

The Kappa coefficient or statistic is a chance standardised and corrected measure of agreement between
categorical scores produced by two raters and is valuable for representing agreements between raters on
categorical variables. The Kappa statistic lies between 1and —1, with 1 representing complete
agreement and 0 or lower meaning chance agreement [368]. After removing the chance agreement, the
Kappa coefficient represents the proportion of agreement between two observers. It is usually a scale
proportion of each category used in the model.

The contingency table of the model prediction is used to obtain the parameters of the kappa coefficient,
used to evaluate and obtain the Kappa coefficient. For a table consisting of N subjects assigned
independently to one of the k-categories by two separate raters, with p;; representing the portions of
subjects that Rater | classified in category i and Rater Il, classified as j, and i,j = 1,2, ..., k. The
proportion of p; and p ; are the frequencies of assignment into categories i and j, respectively for the
Raters | and Il. Perhaps, where the inputs to the contingency table are probabilities, the respective Rater

category frequencies sum to one, as shown in Table 6.2.

Table 6.2 Contingency table showing the Rater prediction probabilities

Rater 11
Rater | 1 2 k Total
1 P11 P12 Pik D1
2 P21 P22 P2k b2
k Pk Pk2 Pkk Dk
Total Pa P Pk 1

Nevertheless, the diagonal proportions p;; represents the portion of the subjects that both Raters | and

Il predictions agreed on the assignment. The overall proportion of the observed agreement is given by
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Furthermore, the overall expected agreement by chance is given by

k
Pe = ~ Dbibi
=1
The overall Kappa coefficient measures the degree of rater agreement and is obtained as follows

K = P,— P, _ Agreement—Expected agreement

1- P, 1—-Expected agreement

where the p, is the observed proportion on which observers agree, p, is the proportion of observation
where agreement is expected by chance, p, — p. is the proportion of agreement expected beyond
chance, and 1 — p, is the maximum possible agreement beyond by chance expectation [369].
Furthermore, this analysis of the model predictions highlights the patterns within the predictions. It also
compares the agreement of the model's prediction to the ground truth (reality) to validate that the high
prediction accuracy was correct.

The rationale for using the Kappa coefficient is that Kappa relates the predictions of two raters
comparable to the model ground truth and the predictions, thereby making Kappa useful in the model
confirmatory tests. Besides, the developed model and evaluation data meet the vital criteria for
evaluating models using Kappa, including having a sample size of over one hundred, as outlined by
researchers [370]. Finally, it is worth outlining that the contingency table requires conversion to the
confusion matrix in supervised classification problems.

6.4.1 Transfer Learning

The VGGNet model transfer learning results outlined that the model predictions were 99.72% accurate;
however, the evaluation of the prediction using the model statistics is considered to confirm the
performance. The VGGNet model results shown using the confusion matrix visualisation in Figure 6.18

highlight the model's performance on the inspection data.

179



Madel prediction visualisation

5

Actual label
PnC RnC RF PF Cr Nodef

PnR

1097

PnRnC
=]
=]
=]
(=
=]
=]

Nodef cF PF RF RnC PnC PnR PnRnC
Predicted labels

Figure 6.18 VGG model prediction visualisation using the confusion matrix
Conversely, from the model predictions confusion matrix, the overall proportion of the observed
agreement of the transfer learning model is given by
Do = 2K, pi; = 1097+1023+1063+1113+1102+1075+1097+1046 =8616/8640

po = 0.9972
Also, the overall expected agreement by chance is given by
k
Pe = pi.bi

i=1
pe = 0.127 ¥ 0.128 + 0.118 * 0.12 + 0.123 * 0.123 + 0.129 * 0.131 + 0.128 x 0.128 + 0.124
*0.124 + 0.127 * 0.128 + 0.121 * 0.121

pe = 0.016 + 0.014 + 0.015 + 0.017 + 0.016 + 0.015 + 0.016 + 0.015
The expected agreement by chance is p, = 0.125

Hence, substituting the obtained expected agreement and expected agreement by chance, the Kappa

.. P,— P, 0.9972-0.125
coefficient becomes K = >+—¢ = =0.99.68
1-P, 1-0.125

The Kappa coefficient of 0.9968 obtained from the model predictions highlights a significant agreement
between the predictions and reality, validating that the model's performance is not by chance. The

evaluation of Kappa is shown in Table 6.3.
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Nodef | CF PF RF RnC | PnC PnR PnRnC | Sum1 | Pi=s
Nodef | 1097 | O 0 5 0 0 0 0 1102 0.128
CF 0 1023 |0 10 0 0 0 2 1035 0.12
PF 0 0 1063 | 0 0 0 0 0 1063 0.123
RF 0 0 0 1113 |0 0 0 0 1113 0.129
RnC 0 0 0 0 1102 |0 0 0 1102 0.128
PnC 0 0 0 0 0 1075 |0 0 1075 0.124
PnR 2 0 0 4 0 0 1097 |0 1103 0.128
PnRnC | 0 0 0 1 0 0 0 1046 1047 0.121
Sum2 | 1099 | 1023 | 1063 | 1133 | 1102 | 1075 | 1099 | 1046 8640
p.i 0.127 | 0.118 | 0.123 | 0.131 | 0.128 | 0.124 | 0.127 | 0.121

Moreover, Table 6.3
with the remaining 0.28% being by chance in percentage terms by deduction. This is because the Kappa
agreement factor is the same as the accuracy of the model predictions in simple terms for balanced

classification problems. A Kappa of less than zero means that the model is worse than chance and is a

shows that the classifier's predictions agree with the ground truth up to 99.72%,

rare case when evaluating a model.

6.4.2 Training from Scratch Results

The results obtained from training the VGGNet from the scratch outline that the model performed
excellently. It is due to the rich architectural make-up of the VGGNet model, having many more hidden
layers in the architecture. Enabling the training of the hidden layers enhanced feature learning from the

data, with the effect outlined as improved model performance and visible in the model confusion matrix

of Figure .
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Maodel prediction visualisation
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Figure 6.19 Model prediction visualisation for the training from scratch using the confusion matrix

However, in the model predictions confusion matrix of Figure .19, the overall proportion of the
observed agreement of the researcher developed model is given by
Do = 2K, pi; = 1102+1035+1063+1113+1102+1075+1103+1047 =8640/8640
po =1
Also, the model's overall expected agreement by chance is given by
pe = 0.122 x0.122 + 0.1198 * 0.1198 + 0.123 * 0.123 4+ 0.1288 * 0.1288 + 0.1276 * 0.1275
+ 0.1244 % 0.1244 + 0.1277 * 0.1277 + 0.1212 x 0.1212
pe = 0.0163 + 0.0144 + 0.0151 + 0.0166 + 0.0163 + 0.0155 + 0.0163 + 0.0147
The expected agreement by chance is p, = 0.1251

Similarly, substituting the obtained expected agreement and expected agreement by chance, the Kappa
P,—P, _ 1-0.1251 _

coefficient becomes K = = =1
1-P, 1-0.125

The Kappa coefficient of 1 obtained from training the model from scratch predictions outlines a perfect
agreement between the model predictions and the reality, thereby suggesting that the model's
performance is not by chance. The result also shows an improved performance compared to the pre-
trained model. The evaluation of the Kappa coefficient from training the model from scratch is shown
in Table 6.4.
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Table 6.4 Evaluation of Kappa coefficient for the VGGNet models training from scratch

Nodef | CF PF RF RnC PnC PnR PnRnC Sum1l| Pi

Nodef | 1102 0 0 0 0 0 0 0 1102 | 0.1275
CF 0 1035 0 0 0 0 0 0 1035 | 0.1198
PF 0 0 1063 |0 0 0 0 0 1063 | 0.1230
RF 0 0 0 1113 0 0 0 0 1113 | 0.1288
RnC 0 0 0 0 1102 0 0 0 1102 | 0.1276
PnC 0 0 0 0 0 1075 0 0 1075 | 0.1244
PnR 0 0 0 0 0 0 1103 0 1103 | 0.1277
PnRnC | 0 0 0 0 0 0 0 1047 1047 | 0.1212
Sum2 | 1102 1035 1063 | 1133 1102 1075 1103 1047 8640

p.i 0.1276 | 0.1198 | 0.1230| 0.1288 | 0.1276 | 0.1244 0.1277 | 0.1212

6.4.3 Developed Model Results

The training time factor was not included as a metric for performance evaluation because the usability
of the model was the most important factor considered. The ability of the model to replicate the inputs
is vital and informs the decisions made during the design and testing of the models presented in this

chapter.

Dewveloped model prediction visualisation

0

Modef

CF

Actual label

PnC RnC

PnR

0

PnRnC

Modef CF PF RF RnC PnC PnR PnRnC
Predicted labels

Figure 61.20 Developed model prediction visualisation using the confusion matrix

183




Nonetheless, from the model predictions confusion matrix in Figure 6.20, the overall proportion of the
observed agreement of the researcher developed model is given by
Do = XK, pii = 1054+1079+1051+1087+1098+1105+1090+1076 =8639/8640
Po = 0.9999
Therefore, the overall expected agreement by chance is given by
Pe = 0.122 x0.122 + 0.1249 * 0.1248 + 0.1216 * 0.1216 4+ 0.1258 x 0.1258 + 0.1271 * 0.1271
+0.1279 % 0.1279 + 0.1262 % 0.1263 + 0.1245 * 0.1245
pPe = 0.0149 + 0.0156 + 0.0148 + 0.0158 + 0.0162 + 0.0164 + 0.0159 + 0.0155

The expected agreement by chance is p, = 0.125

Similarly, substituting the obtained expected agreement and expected agreement by chance, the Kappa

.. P,— P, 0.9999-0.125
coefficient becomes K = >—£¢ = =0.9998
1-P, 1-0.125

The Kappa coefficient of 0.9998 obtained from the model predictions outlines a total agreement

between the model predictions and reality, further validating that the model's performance is not by

chance. The evaluation of the Kappa coefficient for the researcher developed model is depicted in
Table 6.5.

Nodef | CF PF RF RnC | PnC PnR PnRnC | Sum1 | Pi

Nodef | 1054 | O 0 0 0 0 0 0 1054 0.1220
CF 0 1078 |0 0 0 0 0 0 1078 0.1248
PF 0 0 1051 | O 0 0 0 0 1051 0.1216
RF 0 0 0 1087 |0 0 0 0 1087 0.1258
RnC |0 0 0 0 1098 | 0 0 0 1098 0.1271
PnC 0 0 0 0 0 1105 |0 0 1105 0.1279
PnR 0 1 0 0 0 0 1090 (O 1091 0.1263
PnRnC| 0 0 0 0 0 0 0 1076 1076 0.1245
Sum?2 | 1054 | 1078 | 1051 | 1087 | 1098 | 1105 | 1090 | 1076 8640

p.i 0.1220 | 0.1249| 0.1216| 0.1258| 0.1271| 0.1279| 0.1262| 0.1245

A cross-case deduction to evaluate the model's performance across the three datasets highlights that the
developed model is comparable to the state-of-the-art model in performance even with a less
complicated architecture, providing a robust and faster computational model for remanufacturing
applications. Hence, the prediction results from the three remanufacturing applications validate that the

developed model performs comparably to the state-of-the-art models on the selected applications.
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6.5 Cost Benefit Analysis

The cost of remanufacturing refers to the overall cost of achieving product or part remanufacturing. It is
a total cost comprising pre-production, production, and overhead costs. These costs are combined to
produce the overall remanufacturing cost [371]. Besides, the overall remanufacturing cost includes
reverse engineering, data processing, setup, deposit, grinding, administration’ machine maintenance,
and other overhead costs. It is difficult to holistically support the cost-benefit estimation since most
factors are inherent in manual and automated remanufacturing. Based on the above research proposition
[371], the criterion eliminates the pre-production and overhead costs, leaving the remanufacturing
production cost for further evaluation towards estimating the cost-benefit of the model and other non-

guantifiable costs through the automation.

Moreover, the composition of these costs differs and depends on the processes involved in
remanufacturing a given product. The cost-benefit estimation considers only the required modification
of the existing remanufacturing cell to achieve automation for inspection, sorting and process control
applications. The reported cost-benefit analysis helps evaluate the benefits of adopting the deep learning
approach to automate remanufacturing processes. However, the cost-benefit analysis is unsuitable for
this research because of the difficulties in quantifying the dollar cost of the benefits alongside

predicting all the potential risks involved in remanufacturing, impacts and customer satisfaction.

6.5.1 Cost Benefit Justification.

The justification for exploring other methods of quantifying the impacts of automation remanufacturing
is obtainable using the problem selection matrix, a vital tool for evaluating and selecting the best option
between various choices. The problem selection matrix is often referred to as the Pugh matrix, decision
matrix, grid analysis, decision grid and multi-attribute utility theory.

Nevertheless, the decision to automate the remanufacturing or not can be justified using the problem
selection matrix considering six critical factors to support automating or not automating the
remanufacturing processes investigated in the research. These vital factors include the quality of
products, cost, exposure impact, especially the risk of accidents due to manual operations, time savings,
the environmental impact of additional pollution from the new machines added for automation, and
customer satisfaction. The problem selection matrix for the justification is outlined in Table 6.6.

Table 6.6 Cost-benefit problem selection matrix

Quality | Cost | Exposure| Time |Environmental| Customer
impact | savings impact satisfaction

Automate
No-automation

Furthermore, by rating the factors on a scale of 1 to 5, where five is the best and one is the least, the
research results are translated as follows:
. Automation provides consistent quality of products (5), a more expensive process (2),

with minimal exposure to the risk of work accidents (4). It also offers better time savings (4),
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increased environmental pollution due to more energy requirements (2) and finally, better
customer satisfaction as product remanufacturing is performed faster (4).
. No-automation provides less consistent quality of products due to poorer inspection (3),
less expensive (4), high exposure to the risk of accidents working with slippery Eol products
(2), taking longer time (2), and less additional environmental pollution (3). Finally, lesser
customer satisfaction as product remanufacturing takes longer (3).

These criteria and their rankings are outlined in Table 6.7 as follows.

Table 6.7 Factor ranking for automation and no-automation

Quality | Cost | Exposure Time Environmental | Customer
impact savings impact satisfaction

Automate 5

No-automation 3 4 2 2 3 3

However, since some factors are deemed more critical, practitioners are mainly concerned with cost
before other factors since most of them are third-party remanufacturers, while customers are concerned
with quality. Therefore, a weighted score was helpful to estimate the potential impact of the various
factors considered, not possible to evaluate in dollar terms to decide the better option to pursue.

Table 6.8 Weighted factor ranking for automation and no-automation

Quality | Cost | Exposure Time Environmental | Customer Score
impact savings impact satisfaction
\Weights 7 6 4 3 2 5 -
Automate 35 12 16 12 4 20 97
No-automation |21 24 8 6 6 25 90

Finally, the weighted score is obtained, which emphasizes the more essential considerations, helping to
select the best option. The highest total score obtained gives the best option to adopt. From Table 6.8, it
is evident that the benefit of automating the remanufacturing processes outweighs the no-automation
option, thereby supporting the decision to automate remanufacturing processes using deep learning

algorithms.

6.6 Basis for Testing Research Success

The basis for testing the research success is categorised into two sections to highlight the distinctness of
the academic and practitioner needs of the study. First, academics assess the quality and credibility of
the research based on crucial elements, the rigorous method of gathering high-quality data, analysis,
and the credibility of the researcher, including training, status and presentation of self alongside the
philosophical beliefs, including inductive analysis and holistic thinking among others [372]. This
academic validity is achieved by collecting and analysing the data for two different inspection
applications of deep learning models in remanufacturing described in Chapter 4 to achieve data
triangulation. A synthesis of these applications was evaluated to identify the similarities and differences

and how the different models affect the results, providing academic validity.
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On the other hand, the research domain discussed in Section 2.5.3 outlines the research domain as
production and operation management, which tries to bridge the gap between the theory of operations
management and practices [56], [57]. The practitioner's needs are evaluated using the validation-by-
review approach. This validation provides a platform to test the usefulness of research in the industry
and highlight the practical relevance, with POM researchers suggesting practitioners as the frame of
reference [373]. To consider practitioners as a reference, the authors outlined practitioners' vital needs,
summarised in five key categories: descriptive relevance, goal relevance, operational validity, non-
obviousness, and timeliness. The following explains the implications of the five needs of practitioners,

namely:

o Descriptive relevance - Is the modelling approach a sufficient representation of the inspection,
sorting and process control processes?

e Goal relevance - Is the model applicable to the stakeholders?

e Operational validity - Is the model presented so practitioners and academics can operate and use
it?

e Timeliness - Is the model available when remanufacturers need them?

¢ Non-obviousness - Is the model a new knowledge or simple, common-sense knowledge available

to practitioners?

6.7 Model Research Validation

The developed deep learning models for the various remanufacturing applications have had the model
validation included at the design stage using a train test split, which is helpful to keep some parts of the
data for testing. In contrast, the remaining are used for training and validation during training. The test
set, usually referred to as the hold-out set in some literature, is used to assess the model generalisation
on unseen data, which is the vital aim of model evaluation. However, the samples used in the research
are not probabilistic; researchers suggest that statistical inference is not the appropriate method to

generalise the results; instead, other techniques of generalising the results should be explored [54].

Moreover, Section 6.6 above outlines that research validation tests the researcher's quality and
credibility, which helps to generalise the research findings. The validation compares the respective
applications of deep learning models in remanufacturing on the similarities, differences, and methods
affecting the results presented in Chapter 4, where two different inspection data were evaluated. This
comparison is vital to achieve result generalisation and support the academic validations obtained from
the review process during the review of the publication process of the respective chapters.

Table 9 shows the model parameters for the individual application of deep learning

models in remanufacturing.
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Process Data type | Number of Number of  |Number of images | Number of | Number of
classes Images per class inputs outputs
Sorting Images 20 71560 3578 20 20
Inspection | Images 8 28800 3600 8 8
Inspection 11 Images 8 28624 3578 8 8
Process control Images 2 14312 7156 2 1

Furthermore, Table 6.9 shows that the deep convolutional neural network model used in the
investigation is similar in a great sense but requires slight architectural modifications at the input and
output layers.

The control over the model's input solely depends on the new application. At the same time, the output
depends on the design's expectations, where the desired outcome is coded into the model as observed in
the sorting and process control applications that were evaluated using the same model. Besides, it is
also evident that the respective applications have different input-output variables representing the
individual application needs. Besides, the sorting model requires twenty categories, the two inspection

applications require eight categories, and the process control requires only two input-output variables.

6.7.1 Experimental Validation

The experimental validation of the model considers the data triangulation approach, where multiple data
sources were useful to evaluate the model's performance. The developed model considers the model
accuracy and loss as two dependent variables, while the number of epochs was used as the independent
variable. The other dependent variables used in the evaluations are the model's parameters that control
its performance, including the type of optimisation, activation function, batch sizes, dropout, batch
normalisation, and others. These parameters comparison provides the basis for the validation to infer

the generalisability of the developed model.

Conversely, the architectural design parameters analysis presented in Chapter 7 outlines that the model
parameters used in the respective applications performed relatively well across the various model
parameters. However, the metric for evaluating the classification problem is predominantly the

classification accuracy and loss, and these parameters were used to assess the data triangulation.

Moreover, the results highlight that the training from scratch obtained the best accuracy while transfer
learning and the researcher-developed model progressively obtained high accuracy, highlighting that
the developed model performs comparatively to the state-of-the-art VGGNet model on the test
applications, as shown in Figure 62. The VGG and VGGS represent transfer learning and training from

scratch.
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Comparisen of the model final performance accuracy

100 99.673% 100.0% 99.931%

Model Accuracy
2 =

&

5]

VGG WGGES newModel
Models

Figure 621 Comparison of the three models’ final training accuracy

Consequently, a comparison of the final model losses shown in Figure 63 outlines that the VGGNet
transfer learning (VGG) produced the highest model loss of the three models, confirming the poorer
prediction accuracy obtained from using the VGGNet transfer learning modelling method. Besides, the
training of the VGGNet model from scratch produced the lowest loss from the compared models,
thereby suggesting that the training from scratch has over-capacity for the data, with the newly
developed model producing a higher training loss compared to the VGGNet from Scratch. (VGGS).
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Figure 63 Comparison of the three models' final training losses

Finally, comparing the model's performance on the different datasets against vital model parameters
suggests that the deep learning algorithms have successfully modelled the respective remanufacturing
applications. The subsequent applications attest that the model can generalise alongside being adaptable

to other remanufacturing-based applications.
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6.8 Industry Feedback

Industry feedback is another type of validation on its merit. It is a "process of determining the degree to
which a model is an accurate representation of the real world from the perspective of the intended uses
of the model™ [374]. These user inputs come from the remanufacturing practitioners, and the validation
technique adopted is the modelling-validation process, where model building and model validation are
integrated into a single operation. The main goal of the validation process is to improve the model
quality and, most importantly, to highlight the model's key components that need improvement and
outline the specific stages of the model that has reached the predetermined benchmarks [375]. The
modelling-validation process consists of four vital interrelated components: the problem statement,

conceptual model, formal model, and solution, outlined in Figure 64.

-

Problem Conceptua
statement I model
Proposed Formal

solution i model

Figure 64 Model validation

The problem case refers to the poor productivity of remanufacturing processes and systems, leading to
operational dissatisfaction with the performance. On the other hand, the conceptual model represents
the developed mental picture of the problem investigated and the value judgement from both the
decision-makers and model developers. For example, the conceptual model shown in Figure 6.24
describes the problem approach, the elements that would be excluded or included, and the level of

aggregation. These components are captured in the problem or process under investigation before data
collection, analysis and deployment.

Process Data Data %‘;?;ﬁ Train Evaluate ?:g(;g{
(Problem) collection preprocessing — model model (Solution)

Figure 6.24 The conceptual model design

Moreover, the model proposed conceptual solution must first satisfy the design's conceptual validity,
which refers to the relevance of the theories and assumptions underlying the conceptual model for the
problem case. Finally, the problem is modelled to comprise the relationships and elements judged

relevant by the end-users and conform to the available techniques and tools.
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Besides, another vital requirement the conceptual model must satisfy includes the model's logical and
data validity. Logical validity refers to the ability of the formal model to correctly and accurately
describe the problems described by the conceptual model. It also relates the correctness of the
translation from the conceptual model to a formal model, and it is primarily dependent on the
translation language, which is the computational algorithms. This translation aims to maintain a faithful
transfer of the critical elements of the process into the model and the verification of these vital elements
enhances the logical validity. By contrast, data validity refers to the accuracy, sufficiency,
appropriateness, and availability of the data within acceptable cost limits. The assessment of the
difficulties involved in collecting and processing the process data and resolving the challenges

alongside their impact are vital components of data validity.

Nonetheless, the formal model refers to translating the conceptual model into mathematical models for
further investigation to obtain solutions useful for effective decision-making. Therefore, the formal
model shown in Figure 6.29 must also meet the experimental validity requirements of the design.
Moreover, experimental validity refers to the efficiency and quality of the proposed solution [375], and

it highlights the efficiency of obtaining the desired solutions sensitive to changes in model parameters.

Finally, the solution is the output of the model validation process that forms the basis for
recommending an answer to one of the problems under consideration. Therefore, it is expected to meet
the operational validity goals, which refer to the users' ability to implement the theory's action

implications by operating the independent variables.

Besides, the model-validation process involves multiple validation stages that include conceptual,
logical, experimental, operational, and data validation, which requires the model developer to have
reasonable knowledge and understanding of the acceptable levels of model validity [375]. These

multiple validations are detailed in Figure 6.25.
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6.8.1 Model Validation Protocol

The validation adopts the questionnaire tool, a vital research tool for gathering primary data from
respondents. It consists of a series of standardised questions for obtaining the same information from a
group of individuals [44]. The available data from the questionnaires include awareness or knowledge,
attributes, experiences, attitudes, and opinions from the practitioner's point of view. This feedback
validates the model's effectiveness by confirming that each aspect attains the predetermined benchmark
and highlighting possible areas for improvement through better modelling [375]. The Likert scale was
chosen to obtain participants' feedback because it allows for degrees of opinion, either in agreement or
disagreement, thereby aiding the analysis of the various views of evaluators on a piece of given
information [376].

Generally, the design of questionnaires adopts two common types of questions; open-ended and close-
ended question methods as outlined by researchers [45]. The kind of questionnaire to use provides
specific advantages during analysis. The design uses the close-ended question approach to obtain the
practitioner's feedback on questions that would help answer the validation questions, including data,
experimental, logical, conceptual, and operational validity. These questions were combined in random
order to obtain the validation protocol used in the research. Figure 6.26 shows the Industry feedback

(validation) protocol used in the study.
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Position

Please kindly tick as appropriate

Years of experience

Validation Questionnaire for the application of Deep Learning models in Remanufacturing

S/ Statement Strongly | Disagree | Somewhat | Neural | Somewhat | Agree | Strongly

N Disagree Disagree Agree Agree

1 The model represents a suitable solution to vital
challenges in remanufacturing.

2 The design is an accurate representation of the
remanufacturing sorting process

3 The design is an accurate representation of the
remanufacturing inspection application

4 The design is an accurate representation of the
remanufacturing process control application

5 The design did not correctly represent the
remanufacturing sorting process.

6 The design did not correctly represent the
remanufacturing inspection process.

7 The design did not correctly represent the
remanufacturing process control.

8 The implication of the model can be useful to
improve remanufacturing decision-making.

9 Some vital design considerations have been
omitted in the model.

10 | The model does not present anything new to the
remanufacturing sector.

11 | The experimental setup for data collection is
efficient

12 | Iam satisfied with the experimental model
development approach

13 | The model is very expensive to setup and
represents a barrier to entry.

14 | The design / model approach presents a new
method to enhance sorting in remanufacturing.

15 | Thedesign / model approach presents a new
method to enhance inspection in remanufacturing.

16 | The design / model approach presents a new
method to enhance process control in
remanufacturing.

17 | Thedesign / model approach could be adapted to
other processes with ease.

18 | The model appropriately captures the
remanufacturing sorting process

19 | The model appropriately captures the
remanufacturing inspection process

20 | The model appropriately captures the
remanufacturing process control

21 | The model looks promising and easy to
implement.

22 | The cost of the model implementation outweighs
the benefits it provides.

23 | Practitioners can use the design/model approach
with ease

24 | The technique works well in practical terms.

25 | Thedesign is not useful to remanufacturing
practitioners.

26 | The model is too complicated to use in the
remanufacturing sector

27 | lam satisfied with the variety of data samples
used for the applications

28 | | believe that more data is required to ascertain

Figure 6.26 Industry feedback protocol
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the practical implementation

29 | Ifeel that the data sufficiently models the use
cases.

30 | Thedata is enough to outline the use cases.

31 | The model is useful to the remanufacturing sector
in the present time.

32 | The deep learning approach to sorting, inspection
and process control in remanufacturing is not
applicable but can be useful in the future.

33 | The model is based on recent technological
advancement and it represents a solution to vital
remanufacturing challenges

34 | The proposed solution approach addresses the
current practitioner needs,

35 | The design will help to improve the overall
remanufacturing efficiency

Please provide any additional comments here

Thank you for your time.

6.8.2 Industry Feedback Process

The validation plan was planned through email communication to Mackie Transmission Limited to
arrange the day for the evaluation and discussion of the model performance and the expectations during
the validation. The validation took place at the host company facility due to the tight schedules and loss

of personal hours if the exercise was scheduled outside the facility.
Activity Outcome

Distribution of validation document e Documentation and information
e Have the validation documents required to undertake the
e Understand the requirements from them validation
e Understand how to use the document

y

Deep learning model description and demonstration. e Improve understanding of deep

e Ensure that participants understand the learning modelling approach.
modellina approach and assumnotions

A 4
Individual block assessment to evaluate the validity and
sufficiency of the model diagrams.

e Examine the conceptual model

e Examine the actual model

e Examine the computational model

e Obtain clarity, sufficiency
and accuracy of the model
designs.

Model testing. _ e Generalise the ability of the
e To assess the correctness of the design model to perform the desired

e To assess the performance accuracy tasks.
e To assess the usefulness

Model enhancement

. e Validated model
e To include the recommended amendments
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6.8.3 The Industry Validation Exercise

The validation exercise started with the author presenting the model design considerations obtained
from the challenges identified from the literature and process observations to the five-person focus
group of remanufacturing practitioners that work at Mackie transmission Limited. Next, the conceptual
design, model, and actual design were presented before testing the developed model. The practitioners
were also allowed to ask questions for further clarification, and afterwards, the questionnaires were
issued. The author outlined the purpose of the questionnaires and described the methods of proper
completion. The author allowed the practitioners to complete the questionnaires without bias and email
the feedback to the author. Finally, the practitioners completed the questionnaires as a focus group and

returned consensus feedback interpreted in the subsequent sections.

The questionnaire feedback sheet contained thirty-five questions used to record the participant feedback
on using deep learning algorithms for modelling remanufacturing inspection, sorting and process
control applications alongside a space for additional comments. The feedback assesses the model in
three vital criteria for suitability, clarity and sufficiency. This process involves asking the participants
the same question in different words about the model to assess their understanding. The last question
was an empty comment box for the participants to document any additional information they wished to
add. Once the feedback sheets were completed and returned, the data from the validation exercise were

collated and used to improve the model. The completed feedback sheets are contained in Appendix 1.

6.9 Results of Model Validation

The validation feedback focus group believed that the model design described by the research
accurately represents the remanufacturing inspection, sorting, and process control applications
alongside the minor details involved in achieving the processes. This is highlighted by the information
given in the validation feedback in Appendix 1. Besides, the focus group also agreed that the model
presents new techniques to enhance the remanufacturing sorting, inspection and process control, and the

modelling finds practical applications in remanufacturing.

Conversely, the sufficiency of the data for modelling the processes provided some conflicting feedback
as the focus group outlined a moderately high acceptance that the data was sufficient for the use cases
but were not sure if the variety of data was enough to generalise to other remanufacturing processes by
giving an average or neutral support. However, they further suggested that more data was required to
generalise the implementations. This is because of the other remanufacturing processes have not been
explored. Therefore, more research is needed to accept the models as an efficient method of improving

the other remanufacturing processes aside from the considered applications.

Besides, the focus group provided moderately high support for the experimental model development
and setup for data collection; however, they outlined their concerns about the fixed camera blind spot
and the cost of deploying these models as it could be expensive for smaller remanufacturing companies,

constituting a vital limitation to adoption. This concern is not unexpected as the company is not very
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large to invest in such a technology. However, they unanimously agreed that the modelling approach is

a recent technological advancement and serves as a solution to vital remanufacturing challenges.

6.10 Alterations to Enhance Clarity

The proposed alteration to the actual design included a manipulator (robot) fitted with end effectors to
grip and flip components for the camera to capture the camera blind spot, indicated by the two upward
arrows in Figure 6.2. This approach enhances the 360 degrees inspection since the model incorporated a
single fixed camera during testing.

<——— Component under inspection

) Conveyor

This alteration was necessary for the fixed camera to inspect the parts of the products placed directly on
the conveyor to ascertain the product surface conditions in those underlying areas. The modified design
approach is shown in Figure 6.29.
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6.11 Modelling Inspection, Sorting and Process Control in Remanufacturing

Before the validation exercise, the participants were unaware of deep learning modelling. However,
they found the model approach understandable after the introductory presentation and modelling
conception, design, testing and discussions about the final model. The researcher believed that clarity of
the model was vital; however, the technical nature of their jobs is also contributory, as the designs were

represented using different levels of block diagrams. The practitioner's opinion outlines that deep
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learning-based modelling was adequate for modelling the inspection, sorting and process control

applications in remanufacturing.

These opinions were interpreted from the feedback received during the validation. The questionnaire
results were converted from the 7-scale Likert of 1 to 7 to verbal interpretations. The lowest rank
corresponds to the strongly disagreed inputs, and the highest represents the strongly agreed inputs. The

respective windows with these verbal interpretations are shown in Table 6.10.

The window of each input is obtained as

. range 7—-1
window = = = 0.86
max 7

The window range helps to categorise the feedback into a scale that can be easily interpreted using

verbal interpretation.

Scale 1 2 3 4 5 6 7
Range 1.0-1.86 |1.87-2.72 | 2.73-3.58 |3.59-444 | 445-53 |531-6.16 |6.17-7.0

Response Strongly | Disagree | Somewhat Neural Somewhat Agree Strongly

Disagree Disagree Agree Agree
Verbal Very Low Moderately | Average | Moderately High Very
Interpretation low low high high

6.11.1 Descriptive Relevance

The descriptive relevance describes the accuracy of the research findings in expressing the phenomena
witnessed by practitioners. The validation feedback outlines that the developed deep learning models
sufficiently represent the sorting, process control and inspection process in remanufacturing and,
therefore, could help describe the processes. The feedback that “the design is an accurate representation
of the sorting, inspection and process control applications" received moderately high and high support
for the model's representation of the processes. Also, the exact opposite of the question "the design does
not correctly represent the remanufacturing inspection, sorting and process control” received holistic
moderate low feedback across all the applications. Conversely, the practitioners outlined that the model
omitted some essential design considerations to achieve a holistic view of the components during the
inspection. Despite the minor improvement recommended by the practitioners to improve the
robustness of the developed model, they felt that it did not constitute a significant error in the design.
The suggested alteration is described in Section 6.10 alongside the author's improved amendments.
These responses highlight that the practitioners believe that the modelling approach brings potential and

generalisable methods that could enhance various process scenarios in remanufacturing.
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Furthermore, the practitioners have a moderately high belief that the modelling approach is a recent
technological advancement and represents a solution to vital remanufacturing challenges, thereby
outlining that the model sufficiently presents crucial answers to some of their challenges. Overall, the
deep learning models offer a new and practical approach to addressing remanufacturing inspection,

sorting, and process control automation challenges, thereby enhancing productivity and efficiency.

6.11.2 Goal Relevance

Goal relevance refers to how relevant the model would be to the stakeholders. The stakeholders include
everyone that has an interest in the research. Thomas (1979), cited in [373], outlined that research is
helpful to practitioners if only research outcomes correspond to practitioners' concerns. It makes a case

for the immediate applicability of the study, an essential component for the research to be valid.

Nevertheless, the practitioners believed that the deep learning modelling approach is an effective
technique to enhance efficiency in remanufacturing as the feedback outlines a moderately high
agreement to three of the questions on the model's usefulness. Furthermore, the practitioners also have a
high agreement that "the model represents a suitable solution to vital challenges in remanufacturing”,
"the implication of the model can be useful to improve remanufacturing decision-making”, and
provided moderately low support that the model is not helpful to remanufacturing practitioners,
confirming that the model can contribute significantly in automating various processes in
remanufacturing. Finally, the practitioners also provided average support that the design will improve

the overall remanufacturing efficiency.

Nevertheless, the practitioners also supported averagely that the modelling approach to inspection,
sorting and process control is not applicable but can be helpful in the future. This feedback is not out of
place for the case-study company as it is a small private establishment with a strict budget for
technological expansion. The lack of funds was evidenced by their high agreement that “the cost of the
model implementation outweighs the benefits”, alongside their profound concern that “the model is
expensive to set up and represents a barrier to entry", suggesting that they might not be willing to invest

in the technology at present.

Overall, the practitioner's feedback across the five questions on the model's usefulness highlights that
they have a moderately high understanding of the usefulness and benefits of the developed models in

remanufacturing.

6.11.3 Operational Validity

Operational validity refers to the ease of practitioners using the new knowledge, and it outlines the
ability of practitioners to understand alongside the ease of manipulating the developed models after
development. The validation feedback sheet suggests that the practitioners misunderstood the
operational validity questions. For example, the first question about the model adaptation, "the

design/model approach could be adapted to other processes with ease," received a moderately high
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agreement alongside the practical use of the model, "the model works well in practical terms", which

they provided an average agreement.

However, the practitioner feedback highlights their concerns about ease of implementation and usage
when deployed, as they provided a moderately low agreement to the questions that relate to the usage
and performance, including that "the model looks promising and easy to implement" and "practitioners
can use the design/model with ease". In addition, they provided an average agreement that the model is
too complicated to use in the remanufacturing sector. These feedbacks suggest that they are unclear
about the model's parameters to modify when exploring new tasks and the requirements for the model
deployment. This feedback is an obvious expectation because the author performed every requirement
for setup and deployment before the validation, with the practitioners only available to see the
demonstration and feedback on the outcomes. However, it also highlights the need for some domain
knowledge to develop and deploy deep learning-based models that require additional modification for

adaptation in other processes.

Overall, the practitioner feedback highlights that they understood the new knowledge produced by the

deep learning-based modelling technique in remanufacturing.

6.11.4 Timeliness

Timeliness refers to the availability of the theory in times of need by practitioners to deal with their
challenges [373]. The fact that new knowledge takes time to adopt is a common trend; however, the
deep learning model's applicability and adoption were already found in various implementations in

remanufacturing through this study, thereby making the model ready for deployment.

Moreover, the practitioners highlighted that these models present current solutions to their everyday
challenges. They gave an overwhelming high agreement to the question that "the model is useful to the
remanufacturing sector in the present time". They also provided average support that the model
addresses the current practitioner needs through the question "the proposed solution approach addresses
the current practitioner needs", suggesting that they agree that the model can resolve some of their

automation challenges.

These responses outline that the practitioners appreciate the potential of deploying the deep learning
models in remanufacturing, thereby validating that the proposed modelling approach can benefit

remanufacturing practitioners in enhancing their productivity.

6.11.5 Non-obviousness

Non-obviousness refers to how a theory meets or exceeds practitioners' common sense of knowledge.
For example, the practitioners were not familiar with deep learning modelling techniques before the
research, suggesting they were not likely to consider using the model to automate parts of the process in

their remanufacturing process. However, the validation feedback highlights a high agreement of the
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practitioners that the modelling method, presentation and discussions outlined new ways of automating

sorting, inspection and process control in remanufacturing, thereby enhancing the process efficiency.

Hence, the practitioners disagreed that the model does not present anything new to the remanufacturing
sector, highlighting the contributions of the research was significant and beyond their common-sense

knowledge.

6.12 Chapter Summary

This chapter presented the analysis of the critical factors considered while selecting the parameters used
in the developed algorithm alongside the performance of the developed model, including the type of
initialisation, batch size, batch normalisation, activation, activations, loss functions, and optimisation
techniques, among others. In addition, the chapter evaluated the learning process across each of the
model layers for proper understanding. It also presented the developed model confirmatory test using
the Kappa coefficient to highlight that the model performs and achieves component inspection, sorting
and process control in remanufacturing, enhancing performance and productivity. The chapter further
outlined the cost-benefit analysis of the developed model alongside the research industry feedback
methods used to meet the different needs of the stakeholders in the research. Furthermore, the data
triangulation validation helped evaluate the understanding of the use of deep learning models in
remanufacturing alongside generalisability. Overall, the industry feedback highlights the practitioner's
support that the developed models have the potential to enhance remanufacturing productivity and

efficiency.
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CHAPTER SEVEN: CONCLUSION

7.0 Introduction

Research has identified remanufacturing as a highly complex process that lacks effective techniques,
tools and innovation to maximise value recovery due to the current manual processing. The manual
state of remanufacturing processing causes efficiency losses due to reduced product quality, increased
lead time and cost due to human errors, thereby requiring remanufacturers to explore techniques of

improving performance to remain competitive compared to traditional manufacturing.

Consequently, the deep learning models already described as computational algorithms used to learn
hierarchical patterns in data were explored to evaluate opportunities for improving remanufacturing
using these models. It has achieved state-of-the-art performance across different applications and has
continued to gain attention across new domains. The remanufacturing application of deep learning
models has produced significant results, suggesting that these models can find even greater applications
in remanufacturing with further investigation. The benefits of exploring deep learning-based models for
remanufacturing applications are enormous, with different remanufacturing stages having various

potential use cases.

The advantages of modelling remanufacturing processes using deep convolutional neural networks
include producing a complete and consistent performance alongside the ability to modify these models
to suit other applications with ease. The investigated use cases in remanufacturing identification,
sorting, inspection, and process control have proved to be successful in achieving automated sorting,
inspection and process control in remanufacturing [103], [143], [377], thereby enhancing the overall
efficiency of the remanufacturing process. These automated methods and algorithms guarantee
improved value recovery, reduced product cost, and reduced lead time to remanufacture end-of-life

products, providing an effective alternative to purchasing products with up to a 30% discount.

7.1 Achieving Research Objectives

The research objectives explored various methods of improving the overall remanufacturing process's
competitive advantage by analysing and developing deep convolutional neural network-based models
for automating sorting, inspection, and process control applications. These objectives were achieved

through the following activities:

o Identified the critical remanufacturing operational challenges that require automation.

o Evaluated the type of process data that could be collected.

e Evaluated if the processes could be modelled using the collected research data.

e Developed deep convolutional neural network architectures for identifying and predicting
patterns in the various remanufacturing data.

e Analysed the model results for proper inference and deductions.
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o Validated the findings of the research using data triangulation and industry feedback.

e Articulated and published the research findings for stakeholders, including remanufacturing
practitioners and academics, to enhance understanding.

e Supported future research in deep learning modelling for remanufacturing by providing the

torque converter datasets for further investigation.

Nonetheless, the crucial questions that the research addressed include understanding the current level of
deep learning practice in remanufacturing, where the current applications of deep learning algorithms in
remanufacturing were discussed in the literature review. Besides, the understanding of the deep learning
modelling results was also enhanced through the findings from the published reviews on activation
functions and optimisation techniques for deep learning. In addition, the developed model was
investigated for the inspection of torque converter components for remanufacturing and adapted
successfully to sorting and process control remanufacturing applications with little modifications using
the different datasets for the specific application. Finally, the study supports future remanufacturing
deep learning research by providing the torque converter dataset for further investigations of deep

learning in remanufacturing.

7.2 Contributions to Knowledge and Research Originality

The research contributions to the body of knowledge are evident from the publications and conference
contributions to enhancing the understanding of deep learning models and their applications to
remanufacturing. These contributions include three (3) journal publications in Springer Journal of
Remanufacturing, Elsevier's Cleaner Engineering and Technology Journal and the Advances in Science,
Technology and Engineering Systems Journal, alongside another six (6) conference contributions,
which have attracted over one thousand one hundred (1100) citations and counting. The primary

deliverables of the research include

e A review paper on activation functions used in deep learning research supports understanding the
role of activation functions in deep learning architectures.

e A journal review paper on the optimisation techniques used in deep learning research to support
the selection and understanding of optimisers in deep learning architectures.

e A deep learning architecture for modelling various remanufacturing processes and used for
modelling inspection, sorting and process control in remanufacturing.

e A dataset to support further deep learning research in remanufacturing.

e A robust framework for achieving automated inspection for remanufacturing.

The originality of the research outlines the facts from the literature that indicates that outlines the

following contributions:

1. First, to compare various activation functions used in deep learning for further understanding.
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2. Secondly, to provide a framework for automated inspection in remanufacturing named design
for automated inspection (DfAL).
3. Thirdly, to explore the modelling inspection, sorting and process control for the torque

converter components remanufacturing application using deep learning method.

7.3 Recommendations and Future Research

Adopting deep learning algorithms in remanufacturing is promising and requires further research to
explore other use cases. However, implementing deep learning models for automating various
remanufacturing processes can be enhanced by including at least three fixed cameras to record different
viewpoints of the objects on arrival. This approach would improve the model's accuracy for various
components and sizes. However, this research used one camera with data augmentation to achieve the
deep learning-based system for sorting, process control and inspection applications due to the cost of

obtaining multiple pieces of equipment for the project.

Nevertheless, the research also identified other potential aspects of remanufacturing that require further

investigation by using deep learning models for modelling remanufacturing processes. These include

e Extending deep learning models to evaluate sub-surface product defects requires recording data
about the product's internal properties using magnetic, ultrasonic, or eddy-current sensor systems.
This application will complement the surface defects investigated in the research to achieve a
holistic, automated inspection.

e Consider other sub-processes in remanufacturing, including disassembly, testing, and reassembly,
to leverage the success of the deep learning models to improve the overall remanufacturing
processes.

e Use historical numeric and text data from the MoL product usage information in decision-
making. The stage will be enhanced with sensor-connected devices connected through 10T to log
this product use data, improving the remanufacturing decision-making. However, as the MoL

data are not readily available, this extension requires extensive planning.

7.4 Limitations of the Research
Certain limitations encountered during this research come from different research stages. These

limitations include model development, use cases, generalisability, and integration of the developed

model after the investigation. An outline of these limitations is presented

e The main limitation of the experimental research relates to the developed CNN architecture since
the architecture has been optimised for classifying objects classes up to twenty objects. However,
adapting the developed model to large applications with hundreds of classes would not be

optimal. The performance will degrade since the number of kernels used to learn patterns in the
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data would be so small. Therefore, subjecting the model to a more significant number of inputs
will require some modification to perform optimally.

The use cases and generalisability were also vital since the general CNN models are data-
intensive, making the models' performance depend hugely on obtaining quality data about the
process under investigation. Since data is expensive to gather to obtain significant portions for
providing the train, test, and validation samples, thereby constituting a research limitation.

The number of practitioners consulted during the research constitutes another limitation,
especially in accessing other forms of data for the investigation, thereby improving the use cases
alongside obtaining a broader range of practitioner feedback. This limitation affected the depth
and spread of data collected, which also impacted the generalisability and the number of
practitioner inputs received as industry feedback since the industry feedback involved the
members of staff of the host company.

The system integration challenges include the cost of additional actuation hardware, accessories,
and set-up for the respective processes. The expenses add to the cost of achieving product
remanufacturing; however, the additional cost could be offset by the wages of hiring experts for
the jobs, thereby achieving automation while saving costs in the future.

Finally, other operational challenges to the integration include fixing the camera at a point of
sight away from the conveyor system and achieving multi-views while capturing the data. The
challenge of viewpoint is minimised by low-level data augmentation in the model, which helps to
reduce the chances of poor generalisation, as discussed in Section 4.11.4. In addition,
augmentation could be avoided if a robot is integrated into the design to pick and rotate the
product 360 degrees while the camera captures the different viewpoints of the object. Other
challenges include the high computational cost of training the deep learning models requires
graphics processing units (GPUs). These memory units are expensive but reduce the time
required to train the model on the high-dimensional image data used in the research. However,
training cost is a single cost to cater for before deployment. It can be remedied by training the
models in the cloud using Amazon Web Services (AWS), Google Colaboratory or other cloud

computing sources for a small fraction of the cost of buying a GPU.
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Appendix 1A Research code design tree

nchigozie@nchigozie-X570-A0RUS-ELITE:

L— datasetloader.py

dataSplit.py
video2image.py
videoCapt

mvggnet20.py
mvggnet2.py
mvggnet8.py

mvggnet.py

aspectawarepreprocessor.py
image2arrayprocessor.py
preprocessor.py
surfaceFaults.py
torqueCV.py

waterDetection.py
wetDry.py
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Appendix 1B Model analysis code tree

nchigozie@nchigozie-X570-A0RUS-ELITE:~/remaNetfanalysis$ tree

activationFaults.py
activations
elul.py
leaky reluil.py
relul.py
selul.py
softplusil.py
softsignl. py
swishl.py
activationWater.py
batchFaults.py
batchNorm
bnorm. py
nbnorm.py
batchWater.py
bnormFaults.py
bnormWater.py
dr uts
dropoutt.py
ndropout. py
learnrtFaults.py
learnrtWater.py
optimFaults.py
optimWater.py

3 directories, 21 files

3 directories, 21 files
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Appendix 2 Validation Results

Validation Questionnaire for the application of Deep Learning models in Remanufacturing

Position Mﬂ an“.,'[,,{ PrRecTo R

Please kindly tick as appropriate

Years of experience

45

S/ | Statement Strongly | Disagree | Somewhat | Neural | Somewhat | Agree | Strongly
N Disagree Disagree Agree Agree
1 The model represents a suitable solution to vital \/
challenges in remanufacturing.
2 The design is an accurate representation of the
remanufacturing sorting process v
3 The design is an accurate representation of the
remanufacturing inspection application \/
4 The design is an accurate representation of the
remanufacturing process control application v
5 The design did not correctly represent the
remanufacturing sorting process. /
6 The design did not correctly represent the
remanufacturing inspection process. \/
7 The design did not correctly represent the
remanufacturing process control. \/
8 The implication of the model can be useful to \/
improve remanufacturing decision-making.
9 Some vital design considerations have been \/
omitted in the model.
10 | The model does not present anything new to the \/
remanufacturing sector.
11 | The experimental setup for data collection is /
efficient
12 | lam satisfied with the experimental model /
development approach
13 | The model is very expensive to setup and l/
represents a barrier to entry.
14 | The design / model approach presents a new
method to enhance sorting in remanufacturing.
15 | The design / model approach presents a new \/
method to enhance inspection in remanufacturing.
16 | The design / model approach presents a new
method to enhance process control in \/
remanufacturing.
17 | The design / model approach could be adapted to \/
other processes with ease.
18 | The model appropriately captures the l/
remanufacturing sorting process
19 | The model appropriately captures the
remanufacturing inspection process l/
20 | The model appropriately captures the l/
remanufacturing process control
21 | The model looks promising and easy to \/ .
implement.
22 | The cost of the model implementation outweighs
the benefits it provides. \/
23 | Practitioners can use the design/model approach \/
with ease i
24 | The technique works well in practical terms. : \/
25 | The design is not useful to remanufacturing \/
practitioners.
26 | The model is too complicated to use in the
remanufacturing sector \/
27 | |am satisfied with the variety of data samples
used for the applications \/ 2
28 | |believe that more data is required to ascertain 1/
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the practical implementation

29 | Ifeel that the data sufficiently models the use
cases.
30 | The data is enough to outline the use cases. [V
31 | The model is useful to the remanufacturing sector
in the present time.
32 | The deep learning approach to sorting, inspection
and process control in remanufacturing is not \/
applicable but can be useful in the future.
33 | The model is based on recent technological
advancement and it represents a solution to vital
remanufacturing challenges
34 | The proposed solution approach addresses the
current practitioner needs. l/
35 | The design will help to improve the overall \/

remanufacturing efficiency

Please provide any additional comments here

Thank you for your time.
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Appendix 3A Developed inspection application model codes

#Import dependencies
from keras.layers.core import Activation, Flatten, Dropout, Dense
from keras.layers.convolutional import Conv2D, MaxPooling2D
from keras.models import Sequential
from tensorflow import keras
from keras import backend
import tensorflow as tf
initialiser = tf.keras.initializers.HeUniform(seed=1)
activationType = "swish"
class Model:
@staticmethod
def build(width, height, depth, classes):
model = Sequential()
inputShape = (height, width, depth)
chanDim=-1  #if "channels first",
if backend.image_data_format() == "channels_first":
inputShape = (depth, height, width)
chanDim =1
model.add(Conv2D(64, (3, 3), padding="same", kernel_initializer=initialiser,
bias_initializer="zeros', input_shape=inputShape))
model.add(Activation(activationType))
model.add(Conv2D(32, (3, 3), padding="same", kernel_initializer=initialiser,bias_initializer="zeros"))
model.add(Activation(activationType))
model.add(MaxPooling2D(pool_size=(2, 2)))
model.add(Dropout(0.25))
model.add(Conv2D(32, (3, 3), padding="same", kernel_initializer=initialiser,bias_initializer="zeros"))
model.add(Activation(activationType))
model.add(Conv2D(16, (3, 3), padding="same", kernel_initializer=initialiser,bias_initializer="zeros"))
model.add(Activation(activationType))
model.add(MaxPooling2D(pool_size=(2, 2)))
model.add(Dropout(0.5))
model.add(Flatten())
model.add(Dense(512))
model.add(Activation(activationType))
model.add(Dropout(0.5))
model.add(Dense(8))
model.add(Activation("softmax"))

return model
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Appendix 3B Developed sorting application model codes

#Import dependencies

from keras.layers.core import Activation, Flatten, Dropout, Dense

from keras.layers.convolutional import Conv2D, MaxPooling2D

from Keras.layers import BatchNormalization

from keras.models import Sequential

from tensorflow import keras

from keras import backend

import tensorflow as tf

initialiser = tf.keras.initializers.HeUniform(seed=1)

activationType = "swish"

class Model:

@staticmethod
def build(width, height, depth, classes):
model = Sequential()
inputShape = (height, width, depth)
chanDim = -1 # if "channels first"
if backend.image_data_format() == "channels_first":
inputShape = (depth, height, width)
chanDim =1
model.add(Conv2D(64, (3, 3), padding="same", kernel_initializer=initialiser,
bias_initializer="zeros', input_shape=inputShape))

model.add(Activation(activationType))

model.add(Conv2D(48, (3, 3), padding="same" kernel_initializer=initialiser,bias_initializer="zeros"))

model.add(Activation(activationType))
model.add(MaxPooling2D(pool_size=(2, 2)))
model.add(Dropout(0.25))

model.add(Conv2D(36, (3, 3), padding="same", kernel_initializer=initialiser,bias_initializer="zeros"))

model.add(Activation(activationType))

model.add(Conv2D(20, (3, 3), padding="same", kernel_initializer=initialiser,bias_initializer="zeros"))

model.add(Activation(activationType))
model.add(MaxPooling2D(pool_size=(2, 2)))
model.add(Dropout(0.25))
model.add(Flatten())
model.add(Dense(1024))
model.add(Activation(activationType))
model.add(Dropout(0.5))
model.add(Dense(20))
model.add(Activation("softmax"))
print(model.summary())

return model
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Appendix 3C Developed process control model codes

#Import dependencies
from keras.layers.core import Activation, Flatten, Dropout, Dense
from keras.layers.convolutional import Conv2D, MaxPooling2D
from keras.layers import BatchNormalization
from keras.models import Sequential
from tensorflow import keras
from keras import backend
import tensorflow as tf
initialiser = tf.keras.initializers.HeUniform(seed=1)
activationType = "swish"
class Model:
@staticmethod
def build(width, height, depth, classes):
model = Sequential()
inputShape = (height, width, depth)
chanDim =-1 # if "channels first"
if backend.image_data_format() == "channels_first":
inputShape = (depth, height, width)
chanDim =1

model.add(Conv2D(16, (3, 3), padding="same",
kernel_initializer=initialiser,bias_initializer="zeros',input_shape=inputShape))

model.add(Activation(activationType))

model.add(Conv2D(16, (3, 3), padding="same" kernel_initializer=initialiser,bias_initializer="zeros"))

model.add(Activation(activationType))
model.add(MaxPooling2D(pool_size=(2, 2)))
model.add(Dropout(0.25))

model.add(Conv2D(8, (3, 3), padding="same" kernel_initializer=initialiser,bias_initializer="zeros"))

model.add(Activation(activationType))

model.add(Conv2D(8, (3, 3), padding="same" kernel_initializer=initialiser,bias_initializer="zeros"))

model.add(Activation(activationType))
model.add(MaxPooling2D(pool_size=(2, 2)))
model.add(Dropout(0.5))
model.add(Flatten())
model.add(Dense(512))
model.add(Activation(activationType))
model.add(Dropout(0.5))
model.add(Dense(1))
model.add(Activation("'sigmoid"))
print(model.summary())

return model
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