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Abstract

The fourth industrial revolution aims to enhance data-driven decision-
making and introduce the adaptability to upgrade the deployed sys-
tems in manufacturing dynamically. This revolution also merges phys-
ical and digital technologies through the use of data systems and ar-
tificial intelligence. Over the decade, state-of-the-art computer vision
deep learning algorithms have become popular in detecting defects
in manufactured products. However, an industry-focused guideline
to build an automated, edge-based defect detection system from a

limited target dataset is often not considered.

This thesis describes a body of research on a data-driven, factory-
focused Computer Vision-Deep Learning (CV-DL) methodology ap-
proach for robust defect detection in manufacturing. The baseline
analysis of the state-of-the-art computer vision models on the em-
bedded edge proxy device against the GPU-accelerated device (con-
cerning accuracy and inference time) was conducted with person and

face-mask detection experiments.

The work then uses the CV-DL methodology in mobile phone defect
detection for a remanufacturing use case. This work contributed a
mobile phone defect detection dataset and proposed criteria to deter-
mine a novel overall grade for the returned mobile phone based on
the defects. The baseline results for various YOLO models trained
on this dataset are presented in this thesis. This work also presents
a pre-fine-tuning experiment (using related datasets) that improved

the existing detection accuracy for severe crack-line defects.



An ultrasonic welding (USW) experiment using the CV-DL method-
ology to develop a weld defect detection and strength prediction sys-
tem is proposed, overcoming the challenge of an extremely limited
dataset using offline and online data augmentations. Convolutional
autoencoders, used in this work, extracted the image data, which was
combined with input parameter data to build a multimodal dataset
for weld strength prediction. The results from this experiment lead to
the broader prospect of combining multiple modalities of data for pro-
cess monitoring and improvement of performance in manufacturing.
The CV-DL weld defect detection system was trained on the USW
defect dataset developed and annotated in this work. The results
from this experiment were benchmarked against a publicly available

surface detection dataset.

Finally, a comprehensive study of existing incremental learning tech-
niques was investigated as a potential future research direction to
upgrade an existing model with a new class. Incremental learning
was successfully implemented on the mobile phone defect detection
dataset with minimal evidence of catastrophic forgetting. The replay
method was used during retraining to alleviate catastrophic forget-
ting. The results present an updated model with a new class added,
which indicates the significance of incremental learning as a future

research direction for defect detection.
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Chapter 1

Introduction

Industry 4.0, also known as the Fourth Industrial Revolution (Yu and Schweis-
furth, 2020), signi es a profound transformation in manufacturing. Launched in
Germany in 2011 (Schroeder, 2016), this revolution merges physical and digital
technologies, such as the Internet of Things (IoT), arti cial intelligence (Al), and
cloud computing. By linking machines, sensors, and data systems, the goal of In-
dustry 4.0 is to enhance e ciency, adaptability, safety, and data-driven decision-
making in manufacturing.

This integration of technology and data is particularly evident in the smart
manufacturing paradigm, where manufacturing machines are fully monitored
by sensors and dynamically controlled by intelligent, real-time systems to im-
prove product quality, productivity, and sustainability (Ahmad and Rahimi, 2022;
Wang et al., 2018). Zheng et al. (2018) observes that these technologies enable the
fusion of the cyber and physical world through Cyber-Physical Systems (CPS).
Cyber-physical Interface (CPI) is the machine interface used to test and imple-
ment core control actions as input to the physical machine, given in Figure 1.1.
Mass production assembly lines are deployed with the idea that every individual
did their part in the process to manufacture good quality products (Ahmad and
Rahimi, 2022). Despite the emergence of dynamic smart manufacturing systems,
manual quality control is a challenging and principal nancial burden. The de-
fects in some industries were estimated to come up to half the production, and
even 90% in more complex manufacturing lines, as estimated by the European
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Commission (Wang et al., 2018).

While traditional mass production relies on individual contributions in an
assembly line, smart manufacturing leverages the quality and quantity of data
produced by loT-enabled devices in smart manufacturing environments to in-
crease productivity. With the widespread use of sensors comes a large in ow of
data (e.g., time series or discrete digital data), often stored in large databases.
Advanced data analytics is increasingly needed to process the high volume, high
velocity, and wide variety of data collected to utilise big manufacturing data
(Wang et al., 2018). Deep Convolutional Neural Networks (CNNs) are com-
monly used to extract relevant features and patterns from the massive volume
of labelled and unlabelled data (Ahmad and Rahimi, 2022). In this way, Al and
Industry 4.0 are tightly dependent technologies (Lee et al., 2018).

Deep learning enables automatic complex non-linear feature abstraction, which
eliminates the feature engineering step in the traditional modelling process. De-
spite the signi cant success of data mining and machine learning technologies
in knowledge engineering areas, the generalisation capability of the model-based
systems is heavily dependent on the data they are trained on. Ideally, they work
assuming that the training and test data are drawn from the same feature space
and distribution (Pan and Yang, 2009). There was an increasing drive to develop
and implement model-based Al systems to estimate their real impact on increased
production and reduced processing times (Lee et al., 2018).

One of the sectors that have signi cantly bene ted from these advancements is
Consumer Electronics and IT & telecommunication equipment, including mobile
phones, iPads, tablets, and wearables like activity trackers and smartwatches.
These are examples of a few sectors that bene tted from the autonomous mass
production in Industry 4.0 (Delpla et al., 2022). On reaching their End-Of-Life
(EOL), these products are commonly referred to as E-waste or Waste Electrical
and Electronic Equipment (WEEE). A shorter Product Life Cycle, fast-changing
customer attitudes, and ceaseless roll-out of newer versions into the market have
all recently contributed to WEEE becoming the fastest-growing stream of waste
(Shittu et al., 2021). The United Nations Global E-Waste Report 2024 states
that out of 19 billion kg of E-waste generated, 22% (14 billion kg) of E-Waste is
documented as formally collected and recycled (Balce et al., 2024). According to



Figure 1.1: Concept of Cyber Manufacturing systems adapted from Lee et al.
(2016)

the report, a projected amount of 82 billion kg of E-Waste will be generated by
2030.

In addition to bene ting consumer electronics, Industry 4.0 also plays a crucial
role in remanufacturing. Remanufacturing helps reduce land lls, expand product
life cycles, cascade users, and recover electronic assets like computers/laptops,
printers, modems, mobile/smartphone devices, etc. Refurbishment and remanu-
facturing are also ways to reduce carbon emissions by restoring EOL products to
reusable states without loss in function, assuming this will displace new manufac-
turing. A Remanufacturing Market study conducted by the European Reman-
ufacturing Network in 2015 found that Aerospace, automotive, and heavy-duty,
o -road equipment contribute to 80% of remanufacturing performed in Europe
(Parker et al., 2015). The European Remanufacturing Network currently esti-
mates an EU market potential of¢, 90bn by the year 2030, incorporating a wider
range of elements into the remanufacturing sector (Sundin et al., 2016). The
Global E-waste Monitoring Report 2024 states that electronic waste is rising ve
times faster than its documented recycling rate (Balce et al., 2024). The Euro-
pean Commission report from Eurostat in 2021 (Burgin, 2021) states that, out of
13.5 million tonnes of electrical and electronic equipment put in the market, 4.9
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million tonnes of e-waste is collected at the rate of 11kg per person. The circular
economy monitoring framework from Eurostat from 2021 states that the recy-
cling rate of WEEE separately collected is 81.1% (Bargin, 2021). In the circular
economy paradigm, remanufacturing has been emerging as a crucial electronic
waste management solution.

This thesis discusses in detail the design, implementation and deployment of
data-driven, factory-focused Computer Vision-Deep Learning (CV-DL) models
for defect detection in Smart Manufacturing settings. Data is collected to prepare
the required dataset for solution design, annotated based on the CV-DL task that
is required and developing the CV-DL methodology leading to the solution.

Inspection to identify the quality of manufactured products is an expensive
process in remanufacturing (Nwankpa et al., 2021). It is currently a manual pro-
cess in remanufacturing, often depending on the operator's expertise (Nwankpa
et al., 2021). Deep learning-based techniques are used in remanufacturing to au-
tomate the process of achieving inspection (Nwankpa et al., 2021). Computer
vision and deep learning are used in remanufacturing to determine the condition
of the returned core and to determine the downstream task for refurbishment or
reusability and decision-making for a quality grade (Kaiser et al., 2022).

1.1 Aims and Objectives

Deep learning-based visual cognition is used in inspection, quality control, and
defect detection in a production environment and for predictive analysis, facilitat-
ing dynamic control of parameter settings in production systems (Kusiak, 2023).
In the context of this thesis, the use of visual cognition for defect detection is of
particular interest, as it can be used in various manufacturing (Wang et al., 2018)
and re-manufacturing (Schhater et al., 2021) applications to grade the products
and categorise them for packaging or rework (Tao, Wang, Zhang, Zhang, Xu,
Gong and Zhang, 2018). It can also be used to assess safety in the context of
manufacturing (Park and Kang, 2024).

In any deep learning-based visual cognition method, Data Engineering tasks,
such as data collection, labelling, curation, and training and validation exper-
iments, are essential. They are, therefore, also important in characterising a
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workable engineering solution for a manufacturing environment. This emphasises
the need for a data-driven, industry-focused methodology approach to developing
a quality-assured visual inspection system to facilitate the inspection of manu-
factured products. This research focuses on the set of procedures to develop
robust visual defect detection systems where data is limited and deploy them on
resource-constrained devices.

The Computer Vision - Deep Learning (CV-DL) methodology, developed as
part of this research work, is essential to deploy robust State-of-the-art (SOTA)
CV-DL real-time detection systems on low-power, low-cost embedded edge com-
putation devices. Embedded edge devices are necessary where the connectivity to
a local ethernet or cloud infrastructure is unavailable or too slow, as is typical in a
manufacturing environment. For smart manufacturing use cases, smaller datasets
pose a signi cant challenge in developing robust, real-time detection systems us-
ing SOTA computer vision models deployable on edge devices (Cnar et al., 2020).
This methodology is vital to keep an adequate check on the pressure points of
dataset development, such as instance selection, data analysis, and balance in the
number of defective instances representing the classes and categories identi ed.

Computer vision systems undergoing rapid transformations in parallel with
the help of Al and deep learning expedite the deployment and use of e cient
deep learning models in visual cognition. However, the Industry 4.0 manufactur-
ing environment also requires updated and dynamic decisions regarding quality
analysis and defect detection that are available in real-time. Al has become nec-
essary to process and analyse huge volumes of data and extract insights that
enable better decision-making and strategic business moves (Deng et al., 2020).
Deploying Al on the factory oor for dynamic detections came with a demand
for computational capability for the complex inference process of these models.
Also, the deep learning models were large and cumbersome to be deployed directly
on the factory oor devices, often functioning on resource-constrained platforms
like SoC micro-controller units, edge computing devices, or cloud service-based
devices (Deng et al., 2020).

In this thesis, two applications, mobile phone defect detection and ultrasonic
weld defect detection, have been considered for CV-DL based in a manufactur-
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ing context, and both cases evaluate the deployment of such methods to a low-
powered edge device.

In recent years, CV-DL models have made striking breakthroughs and helped
automate surveillance applications like face recognition, object detection, seg-
mentation, and classi cation (Wang et al., 2018).

Such deep learning-based detection systems have also been used in access/egress
control, operator safety regulations, operator identi cations, etc. (Wang et al.,
2018). This has become possible since the instrumentation of factory equipment
with sensors and loT devices ensured that they transmit real-time data into data
storage infrastructures and later into cloud storage. Therefore, the rst case
study examined in this thesis is the edge deployment of person and face-mask
detection on an edge device in manufacturing. To achieve real-time functionality
on an edge device, a trained deep learning model is optimised by quantisation.

Defects in the manufactured product are identi ed in quality inspection, and
a dynamic and real-time decision for rework or discard is essentially the imme-
diate step further down the production line. The second and third case studies
investigated the use of computer vision deep learning models for representative
manufacturing and re-manufacturing applications, speci cally defect detection in
mobile phone screens and ultrasonic weld (USW) joints. The mobile phone de-
fect detection and grading experiment develops a complete system to essentially
mimic the grading process of an electronic device reaching EOL and to recom-
mend one of several possible rework actions to regain all or a majority of product
functionality or, indeed, discard products which are not t for a secondary use
function. The case studied here is mobile phone inspection, although the process
steps can also be used for any electronic device with a screen.

In the USW strength prediction and defect detection experiment, a complete
weld quality inspection is achieved by predicting weld joint strength using the
multimodal dataset developed during this experiment, followed by Visual Weld
defect detection. Following a data-driven approach, the USW defect detection
experiment addressed the concern of limited data availability in the smart manu-
facturing environment. It contributed signi cant insights into the usage of multi-
ple modalities of data to address this challenge. Apart from the image data, the
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input parameter settings data was also used to develop the multi-modal dataset,
which was used to predict the weld strength.

Pre-quantised models are used in training when the chosen CV-DL-based
detection models are to be deployed on edge devices. The embedded edge device
used in this work is the Raspberry Pi 4, 4GB. The most signi cant advantage of
Raspberry Pi 4 is its highly compact design, which makes it an excellent candidate
for real-time detection processes in manufacturing settings. The results from
these experiments o er insights into the signi cance of model optimisation and
its impact on the inference time of the developed CV-DL defect detection models.

Overall, this thesis critically assesses some speci ¢ inspection use cases for
data-driven decision-making applications using edge intelligence. The objective
is to deploy robust CV-DL engines that are successfully tuned for reliable perfor-
mance on a resource-constrained edge device and work in real time to accomplish
the necessary detection and correction requirements on the factory oor. This
research study provides a critical analysis of the process stages involved in a
visual cognition engine development, using the data collected and experiments
conducted during the development and successful deployment of the deep learn-
ing model in edge devices.

The overarching research question encountered in all four experiments in this
thesis is, \Can a robust CV-DL defect detection system be developed using a lim-
ited target dataset and deployed on the edge?". This research question and the
criteria for the dataset used are further discussed in detail in Section 3.3 in Chap-
ter 3. In this thesis, this overall research question is addressed in the following
four case studies, each of which is framed into individual research questions:

~

RQ1: Is deploying defect detection models in a resource-constrained em-
bedded environment feasible?

A

RQ2: Can deep learning-based computer vision methods be used to detect
defects in mobile phone screens to improve remanufacturing outcomes?

~

RQ3: Can a Computer Vision-Deep Learning model be developed using a
limited number of images to detect weld defects and combined with other
input data to predict ultrasonic weld strength?
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A

RQ4: Is incremental learning in the context of defect detection in manufac-
turing a valid research direction for the future?

1.2 Key contributions

The primary contributions of this thesis are presented in Chapters 4 to 7 (with
Chapters 2 and 3 providing background information).

Chapter 4 discusses deploying developed CV-DL methodology on the edge
computing device Raspberry Pi 4. This chapter address&Q1: Is deploying a
CV-DL defect detection model in a resource-constrained embedded environment
feasible? The study of person detection in Section 4.4 has analysed the various
aspects of deployment of a deep learning-based model for visual cognition on an
edge device in a dynamic smart manufacturing setting. A detailed study of the
available models based on inference time and further comparison of the accuracy
of edge-deployed models against Graphics Processing Unit (GPU)-accelerated
ones gave insight into the best edge-computing deep learning architecture. In ex-
perimentation with available benchmark datasets, the results achieved for Edge
devices were comparable to GPU-accelerated devices for the best-performing op-
timised deep learning model. The face mask detection experiment discussed in
Section 4.5 focuses on data collection and aggregation to construct a balanced
dataset for CV-DL detection tasks without a benchmark dataset being available
a priori. Although this face mask detection system was a pressing requirement
during the time of COVID-19, it is a useful test case example to nd the most
appropriate deep learning model and attendant model optimisation techniques
for deploying operator identi cation or real-time security using edge devices. Im-
ages collected were combined with available datasets to form a large, balanced
dataset, ensuring the representation of relevant types of image instances present
in the real world.

In Chapter 5, a complete deep learning-based visual cognition method is devel-
oped; the initial stages of determining the data acquisition device, data collection,
building the dataset, training, and deployment are all discussed. The compre-
hensive CV-DL methodology approach for the development life cycle has been
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experimented with. This experiment is conducted in two stages, with the prob-
lem developing from a single-class detection to a multi-class detection based on
the design and categorisation of the defect under concern. The concept of defect
changes from the proof-of-concept to stage 2; hence, subsequent classi cation and
data collection for training successfully addressed the concept drift challenge. In-
cremental learning for deep learning models given in Chapter 7 becomes relevant
in this scenario where there needs to be an update in a currently deployed model
when new types of products/defects come to light. In this study, the concept
change from all defects considered as scratches to further categorisation of de-
fects was incorporated. The results from this chapter addre$3Q2: Can deep
learning-based computer vision methods be used to detect defects in mobile phone
screens to improve remanufacturing outcomes?he CV-DL methodology ap-
proach provided a stable and robust roadmap to develop, implement and deploy
the CV-DL models for defect detection on mobile phones in the remanufacturing
environment.

The problem addressed in Chapter 6 is that of a limited dataset with fewer
image instances for a deep learning task. The research question addressBdi3:
Can a CV-DL model be developed using a limited number of images to detect weld
defects and combined with other input data to predict USW strengtihis exper-
iment also envisions multi-modal learning from a smart manufacturing setting.
Two modes of data acquisition are used (captured data from images and sensors),
both of which are inherent elements in the Industry 4.0 manufacturing environ-
ment. The image data obtained is encoded using the Convolutional Autoencoder
(CAE) designed during the experiment. The encoded image data is combined
with input parameter settings data from the sensors to build the multimodal
dataset. The USW joint strength is predicted using this multimodal dataset.
The USW defect dataset is then subjected to o ine and online image augmenta-
tions to develop a robust CV-DL visual defect detection system. The weld joint
strength prediction, combined with visual defect detection, contributes to a com-
plete quality investigation to mitigate the risk of premature failure in the USW
joints. When compared against publicly available benchmarked surface defect
detection datasets, the developed CV-DL models exhibit e ective performance.



1. INTRODUCTION

The ndings from this chapter give valuable insights to answer RQ3, which ex-
plores the usage of multimodal datasets for prediction when the available data is
minimal.

The CV-DL models developed in Chapter 5 and Chapter 6 were optimised
into a suitable edge computing format for higher performance onboard the edge
architecture. Sections 5.5 and 6.5 discuss deploying the developed CV-DL models
onto the Raspberry Pi 4. The results and ndings from these sections further
added insights toRQ1 that the developed CV-DL models can be deployed on edge
computing devices with comparable performance, provided they are exported to
optimised inference formats suitable for the edge device considered.

Chapter 7 is a comprehensive study on incremental learning as the potential
future scope towards a self-healing system. The CV-DL systems developed and
deployed in manufacturing settings must be updated with new objects or defects
to maintain the performance quality of the model-based system. The analysis of
the studies presented discusses the signi cant aspects, such as catastrophic for-
getting during re-training, which is an important concern during CV-DL model
updates. The insights from this chapter address the research questiBQ4: Is
incremental learning in the context of defect detection in manufacturing a valid re-
search direction for the future?The methods to alleviate catastrophic forgetting,
such as replay, regularisation, and parameter isolation, are discussed in detail
concerning the CV-DL architecture used for defect detection in manufacturing.
A roadmap for integrating incremental learning in a defect detection system is
discussed in Section 4.7, considering the face mask detection system as the case
study. The mobile phone defect detection experiment was extended to analyse
incremental learning. The defects were categorised into three classes for training.
At a later stage, the fourth category was incorporated into the trained model
as an implementation of incremental learning. Further exploration of incremen-
tal learning strategies and methodologies to alleviate catastrophic forgetting is
the best way to incorporate continual learning, leading to self-healing systems in
manufacturing.

To summarise, the key contributions are:

" The development of the CV-DL methodology approach to develop and de-
ploy defect detection in manufacturing. The CV-DL methodology is rst

10
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analysed against SOTA models with available benchmark datasets. The
detection is then deployed on a proxy-embedded edge device to analyse
inference time and feasible average accuracy.

The collection and annotation of the required data to train and develop deep
learning models for the detection and segmentation of defects on returned
smartphones. Development of the CV-DL methodology to determine the
type of defects on smartphone screens and proposed criteria for grading
smartphones into grades A, B, C, and D based on the respective market
standards.

The development of a two-stage inspection procedure to determine weld
joint quality. Encoded image data was combined with input parameter
settings data to develop a multimodal dataset, which was used for weld
strength prediction. The presentation of a novel CAE design to e ciently
extract encoded image data. The annotation and construction of a USW
defect detection dataset to visually inspect weld joints. The weld defect
detection was benchmarked against a publicly available surface defect de-
tection dataset.

A comprehensive study of incremental learning as a future direction for
defect detection in manufacturing. The CV-DL methods for the core task of
mobile phone defect detection are subjected to incremental learning-based
training experiments.

1.3 Publications

The publications listed below are the outcome of the research work presented in
this thesis. In the body of the thesis, it is mentioned wherever the individual
publications have contributed to the contents of the chapters.

" Mohandas, R., Southern, M., O'Connell, E. and Hayes, M. (2024)A survey
of incremental deep learning for defect detection in manufacturihgBig
Data and Cognitive Computing 8(1), 7. Impact Factor: 3.7

11
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Mohandas, R., Southern, M., Fitzpatrick, C. and Hayes, M.,Deep learning
enabled computer vision in remanufacturing and refurbishment applications:
Defect detection and grading for smartphongslournal of Remanufacturing
2025, pp.1-31. Impact Score: 3.1

Mohandas, R., Mongan, P., and Hayes, M.Ultrasonic weld quality inspec-
tion involving strength prediction and defect detection in data-constrained
training environments,' Sensors 2024, 24(20), 6553. Impact Factor: 3.1

Mohandas, R., Bhattacharya, M., Penica, M., Camp, K. V. and Hayes,
M. J. (2020), Tensor ow enabled deep learning model optimisation for en-
hanced real-time person detection using Raspberry Pi operating at the edge
in Proceedings of The 28th Irish Conference on Arti cial Intelligence and
Cognitive Science, Vol. 2771 of CEUR Workshop Proceedings, CEUR-
WS.org, pp. 157{168.

Mohandas, R., Bhattacharya, M., Penica, M., Van Camp, K. and Hayes,
M. J. (2021), On the use of deep learning enabled face mask detection for
access/egress control using TensorFlow lite based edge deployment on a rasp-
berry pi, in Proceedings of the 2021 32nd Irish Signals and Systems Con-
ference (ISSC), pp. 1{6.

" Mohandas, R., Hayes, M., Fitzpatrick, C. and Southern, M. (2023),Deep
learning enabled computer vision in remanufacturing and refurbishment ap-
plications: Defect detection and grading for smartphones Proceedings
of the Irish Machine Vision and Image Processing Conference (Best Poster
Award Winner).

| have also collaborated in research resulting in the following publications during
my doctoral studies:

" Rekanar, K., Ahmed, A., Mohandas, R., Sistu, G., Eising, C. and Hayes,
M. (2024), "Subjective scoring framework for VQA models in autonomous
driving’, IEEE Access. Impact Factor: 3.4
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" Penica, M., Mohandas, R., Bhattacharya, M., Vancamp, K., Hayes, M. and
O'Connell, E. (2021), A covid-19 viral transmission prevention system for
embedded devices utilising deep learning, in 2021 32nd Irish Signals and
Systems Conference (ISSC)', pp. 1{8.

" Penica, M., O'Connell, E., Mohandas, R., O'Brien, W. and Hayes, M.
(2023), "Uncompromising operator safety: A standalone device approach
for threat immunity and malfunction prevention through visual cognition'
in Proceedings of the Irish Machine Vision and Image Processing Confer-
ence (IMVIP).

1.4 Thesis structure

Figure 1.2 gives a visual roadmap of how the chapters align under the developed
CV-DL methodology. The work proceeds with a literature review of the state-of-
the-art detection methods using deep learning models, their origin and increased
use in computer vision applications in Chapter 2. The chapter proceeds with a
detailed discussion of deep learning model evolution in Sections 2.2.1, 2.2.2, and
2.2.3. Further background literature on the specic problems addressed in this
thesis is discussed in Sections 2.3 to 2.6 (being person detection, face mask de-
tection, mobile phone defect detection, and USW defect detection, respectively).
This chapter also discusses the background literature on incremental learning for
defect detection in manufacturing in Section 2.7.

Chapter 3 discusses the development of Smart Manufacturing systems. Edge
intelligence in a manufacturing setting is discussed in Section 3.2, followed by
the proposed methodology for the development of CV-DL systems for defect
detection in Smart manufacturing in Section 3.3, and the problem of constrained
data availability in Section 3.4.1.

Chapter 4 discusses Edge Intelligence in Section 4.2, model compression in
Section 4.3.2, and model quantisation e ects in Section 4.3.3. The edge deploy-
ment of the CV-DL algorithms is discussed based on the experiments of person
detection and face mask detection. The person detection method is presented in
Section 4.4. The experiment was conducted using an existing public benchmark

13
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Figure 1.2: This is a block diagram of the thesis to illustrate how chapters and
projects align under the methodology
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dataset (Dalal and Triggs, 2005), the experimental analysis of which is discussed
in 4.4.1. This work is extended to develop the face mask detection system pre-
sented in Section 4.5. The question of real-time access/egress control in a factory
setting is considered in the methodology from Sections 4.5.1 through Section
4.5.3, with the dataset description in Section 4.5.3.1. In Section 4.6, the person
detection results are discussed in Section 4.6.1 and Face mask detection system
results are given in 4.6.2. This chapter also presents a roadmap to incorporate
new training data into the existing model in Section 4.7.

Chapter 5 explains the comprehensive stages of applying the CV-DL method-
ology approach to develop a defect detection system for mobile phones. The
CV-DL methodology approach used in this case identi es screen defects such as
scratches and cracks as "objects' of interest. The experimental setup and data
collection are explained in detail in Section 5.2, followed by discussions on Data
parameterizations, defect identi cation, the scratch removal experiment and Data
collection from Sections 5.2.2 to 5.2.5. The deep learning experiments are covered
in Section 5.3, starting with the proof-of-concept experiment in Section 5.3.1. The
deep learning model training is discussed in Section 5.3.2, with its experimental
setup given in Section 5.3.2.1. The results from these experiments are presented
and discussed in Section 5.4, within Subsections from 5.4.1 to 5.4.4. The edge
deployment of this phone defect detection is discussed in 5.5, followed by the
results presented in section 5.5.1.

Chapter 6 discusses the CV-DL methodology for the analysis of defect detec-
tion in ultrasonic welding. In this work, the CV-DL methodology used is discussed
in detail in Section 6.2. This chapter proceeds with the discussion of developing
a robust two-stage weld joint inspection system; the weld joint strength predic-
tion is presented in Section 6.2.1, and the Weld defect detection using CV-DL
is explained in Section 6.2.2. Convolutional autoencoders utilised during this
research were used to extract the image data and build a multimodal dataset,
which is presented in this thesis, Sections from 6.2.1.1 to 6.2.1.3. The weld defect
detection was implemented using the USW defect detection dataset developed in
this experiment, which is discussed in 6.2.2.1, and the deep learning models were
presented in Section 6.2.2.2. The experimental setup and data augmentations are
discussed under Section 6.3. The results from the experiments are presented in

15
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6.4; Weld quality prediction results are summarised in Section 6.4.1, and weld
visual defect detection are summarised in Section 6.4.2. The edge deployment
of this CV-DL defect detection system is discussed in 6.5, followed by its results
presented in Section 6.5.1.

Chapter 7 describes a potential future direction for defect detection by using
incremental learning. Incremental learning techniques for deep learning architec-
tures are surveyed in Section 7.1, followed by discussions on the two signi cant
challenges of Catastrophic Forgetting (Section 7.1.1) and the Stability-Plasticity
dilemma (Section 7.1.2). Section 7.2 discusses methods to alleviate catastrophic
forgetting. Process prediction applications in manufacturing are discussed in
Section 7.3, and incremental learning for edge devices is explained in Section 7.4.
Section 7.5 discusses the implementation of incremental learning on mobile phone
defect detection, followed by its results presented in Section 7.6.

The thesis concludes with Chapter 8, wherein the contributions of the case
studies are presented in Section 8.1. A discussion of overall insights is presented
in Section 8.2, and future research directions in this domain are discussed in 8.3.
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Chapter 2

Background & Literature Review

This chapter discusses the CV-DL background and summarises the literature
studied to develop the CV-DL methodology for manufacturing settings.

In the context of Industry 4.0, deep learning has led to many signi cant
advances, improving performance in functions such as predictive maintenance
(Jamwal et al., 2022), energy management (Alijjoyo, 2024), and Robotic Automa-
tion (Ribeiro et al., 2021). Critically, for the work presented in this thesis, deep
learning has demonstrated signi cant potential for defect detection (Yang, Li,
Wang, Dong, Wang and Tang, 2020). Deep learning has shown strong poten-
tial for machine vision-based defect detection (Ren et al., 2022). The need for
large-scale datasets is a confounding factor that can be mitigated through the
use of self-supervised machine learning (such as variational autoencoders (Pro-
teau et al., 2023)), transfer learning (Yan et al., 2024), and incremental learning
(Wu, Chen, Wang, Ye, Liu, Guo and Fu, 2019).

Machine vision is commonly used for defect detection in manufacturing due to
its ability to capture detailed visual data, ensuring high precision and accuracy
(due to, for example, the ability to use high-resolution images) Ren et al. (2022)
Embedded computer vision can operate at high speeds, providing consistent and
reliable inspection results without fatigue that would come about from human
intervention. While classical machine vision methods have been used in manufac-
turing for many years (Ren et al., 2022), more recent advances in deep learning
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have overtaken the performance of classical, rule-based methods (Ha ner et al.,
2024).

2.1 Introduction

This chapter describes the current landscape of detection algorithms using deep
learning models in the domain of visual cognition, with an emphasis on manufac-
turing and defect detection.

Visual cognition, the goal-oriented detection and analysis of images/videos,
has evolved to be accurate and robust (Pereira et al., 2013), given the advantage
of state-of-the-art deep learning models and frameworks. For example, in the
classic ImageNet challenge Deng et al. (2009), the error reduced from 0.28 in
2010 to 0.023 in 2017 with the advent of deep learning methods in that decade
(Hu et al., 2018). Computer vision systems can be trained to exhibit adaptive
and anticipatory behaviour to provide dynamic real-time assistance to human op-
erators in decision-making. Deep Learning con nes the concept of representation
learning with multiple layers of processing units (Zhong et al., 2016). Represen-
tation learning is the process of abstracting the features that best represent data,
such as extraction, encoding, decoding and detection (Payandeh et al., 2023).
The performance of machine learning algorithms depends on the information ex-
tracted, and hence, a good representation is useful as an input to a supervised
predictor(Bengio et al., 2013). The ability of neural networks to learn non-linear
representation from signals to high-level abstraction, enabling convergence into a
stable weight con guration via Stochastic Gradient Descent, has become bene -
cial in a data-driven setting (Verstraete et al., 2017).

The chapter proceeds with a discussion of TensorFlow-based deep learning
models and their classi cations in Sections 2.2, 2.2.1, 2.2.2 and 2.2.3. The back-
ground and literature review for defect detection on mobile phone screens is given
in Section 2.5. The background and literature review for ultrasonic weld defect
detection is given in Section 2.6. A detailed survey of recent developments in
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incremental learning (as a future research direction to this thesis) is provided in
Chapter 7. The background for this study is given in Section 2.7 in this chapter.

2.2 Computer Vision Deep Learning Models

With the advent of deep CNN architectures since 2012 and their potent property
as universal feature extractors, CNNs have been widely used in object detection.
State-of-the-art CNNs were developed recently, with Alex Krizhevsky's AlexNet
(Krizhevsky et al., 2012) pioneering the list. Following that, there was rapid
development in detection algorithms, with Google Brain scientists and Facebook
Al Research scientists working on the two extensively used single-stage detection
frameworks. The You Only Look Once (YOLO) (Redmon et al., 2016) and Single
Shot Detection (SSD) (Liu et al., 2016) models were released in 2016. This
revolutionised deep learning models used in research and production environments
with real-time detection.

Following the release of high-accuracy detection models and CNN-based archi-
tectures, machine learning ecosystems and Application Programming Interfaces
(API) were immediately developed for training and testing deep learning frame-
works. This provided developers and researchers with the software development
environment to investigate and train the cumbersome deep learning models with
custom datasets and apply transfer learning wherever possible. The TensorFlow
framework is an open-source framework developed for internal use by Google for
machine learning but was later released under the Apache 2.0 open-source license
in the year 2015 (Knezovt et al., 2019). Neural networks consist of chains of
tensor operations, which are geometric transformations (a ne transformations,
rotation, scaling and so on) of the input data, and a framework which can pro-
cess the tensor data is necessary for the geometric interpretation of such opera-
tions (Chollet, 2018). PyTorch is the open-source deep learning framework built
by the Facebook Al Research team, which also provides a Python package for
tensor computations. Cae, a deep learning framework developed by Berkeley
Al Research and community contributors, was released in 2014 Jia et al. (2014).
Ca e stands for Convolutional Architecture for Fast Feature Embedding and is
a BSD-licensed C++ library with MATLAB and Python bindings. One of the
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frameworks used in the experiments conducted in this study was TensorFlow and
TensorFlow object detection API. Models trained using TensorFlow were later
exported into a TensorFlow-Lite graph (.tite) and transferred to a local system
with TensorFlow-Lite Interpreter (David et al., 2021). The second framework
used is the PyTorch and YOLO model from Ultralytics (Jocher et al., 2023.

The diverse models among deep learning-based object detectors can be fur-
ther divided into two groups based on the number of stages before the detection
process. The sessions below give detailed explanations of categories of object
detection algorithms.

2.2.1 Traditional detection algorithms

Traditional detection algorithms use three steps in object detection: region se-
lection, feature extraction, and classi cation (Xiao et al., 2020). Viola-Jones
detection algorithm is one of the rst to perform real-time detection. The algo-
rithm uses Ada-Boost feature selection to build the classi er and then cascades
the classiers to focus on “promising regions' in the image (Viola and Jones,
2001). The Face detection algorithm from Viola-Jones uses sliding windows to
locate Haar-like features, reminiscent of Haar Basis functions from the integral im-
age calculated (Viola and Jones, 2004). Histogram of Oriented Gradient (HOG)
(Dalal and Triggs, 2005) was an important contribution to detection algorithms,
as it gave a detailed representation of object shapes and appearances, at the time
signi cantly improving object detection accuracy. Its ability to handle variations
in lighting and small deformations made it particularly e ective for challenging
tasks like pedestrian and vehicle detection (Bertozzi et al., 2007; Brunetti et al.,
2018; Rybski et al., 2010). Deformable Parts Model (DPM) (Felzenszwalb et al.,
2008) is also a signi cant contribution to the detection algorithms, where the
training stage looks into decomposing an object, and the inference stage consid-
ers an ensemble of detectors on the object parts. However, most development
has been in deep learning methods since the dominance of neural networks after
AlexNet in 2012 (Krizhevsky et al., 2012).

Ling and Isa (2023) observes that automated optical inspection for Printed
Circuit Boards (PCBs) helped factories release a certain number of labourers,
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and machine vision-based detection algorithms increased the detection accuracy
and speed, as well as reduced labour costs. Ling and Isa (2023) also discusses
that PCB components and solder joints were becoming smaller, which made au-
tomated defect detection systems necessary for robust detection. The authors of
that work also state that since Alexnet(Krizhevsky et al., 2012), more researchers
are using CNNs to extract features for defect detection in PCBs. With the ability

to capture defect features precisely, CNN-based object detection keeps progres-
sively occupying the mainstream for defect detection applications (Ling and Isa,
2023). The PCBs could be considered as one use case where the CNNs have be-
come popular for defect detection. Bhatt et al. (2021) observes that traditional
image processing techniques can solve only a speci ¢ class of problems that they
are designed for and cannot handle variations in lighting conditions, noise in the
captured image or backgrounds with complex textures. Bhatt et al. (2021) also
discusses that traditional image processing techniques provide expected results
when the surface defect patterns are consistent and the background is di erent
from the defect. Edge detection, thresholding in grayscale images, and image
segmentation techniques were also used to assist defect detection in such cases
(Bhatt et al., 2021). Bhatt et al. (2021) states that due to the uncertainties in
terms of severity and types of defects in industrial settings, it is necessary to
develop and use methods that adapt to the variations in defects, for which they
suggest machine learning techniques. From multiple applications, machine learn-
ing methods have proven robust to lighting, background, size, shape, and severity
of defects encountered (Bhatt et al., 2021). The following sections discuss popular
deep learning techniques used for detection and segmentation.

2.2.2 CNN-based two-stage detectors

In two-stage CNN models, the detection process spans over two stages, coarse
to ne,’ as opposed to a single stage in later one-stage detectors, which will
be discussed in Section 2.2.3. The rst stage is to nd an arbitrary number of
objects in an image (often called region or object proposals), and the second is
to classify each object proposal and re ne the bounding box. This thesis brie 'y
discusses the Regions with CNN features (RCNN) family of object detectors as
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the typical two-stage detector. RCNN is important because it is the rst deep
learning-based object detection model to propose region proposals. It also led to
the development of a series of object detectors using CNN (Jiao et al., 2019).

RCNN: Regions with CNN features (Girshick et al., 2014) led to a whole
new era of object detection using various CNN architectures. RCNN uses object
candidate boxes by relative search, and linear Support Vector Machine (SVM)
classi ers were used to detect and classify an object in the bounding box proposal.
Because of this usage of search and then classi cation within the boxes, this
algorithm was not computationally e cient. This drawback was overcome by
SPPNet (He et al., 2015) by adding more spatial pooling layers, which increased
the computational speed, but the training process was still multi-staged.

Fast RCNN : FastRCNN (Girshick, 2015) was an improvement over RCNN
and SPPNet by enabling simultaneous training of a detector and bounding box
regressor for region proposal, which keeps it again two-staged but with a detection
speed of 200 times faster than RCNN (Zou et al., 2023).

Faster RCNN : Faster RCNN (Ren et al., 2015), a near-real-time detector
using deep learning networks, achieved region proposals using Region Proposal
Networks (RPN), and all steps of region proposal, feature extraction and bound-
ing box regression were integrated into a single network which was trained end-to-
end. Including Faster RCNN, all these deep learning models performed detection
as a nal step in the top layers of the deep neural network. Feature Pyramid
Networks (FPN) (Lin et al., 2017) utilised the top-down architecture for forward
propagation in CNNs to incorporate the features learned by the deeper layers
into the process of object category recognition. Thus, FPN led to state-of-the-art
single-model detection results when it was used with Faster RCNN, and it con-
tinues to be used as a basic building block for many of the latest object detectors.

2.2.3 CNN-based one-stage detectors

The two-stage object detectors include a region proposal stage and then a classi -
cation or regression stage, which are trained in separate stages. One-stage global
regression or classi cation frameworks were developed to reduce the time spent
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on di erent training stages. These frameworks can achieve the regression and
mapping of pixels based on class probabilities in a single training stage.

YOLO : Although two-stage detectors underwent more analysis, and FPN
was proposed in 2017, YOLO (Redmon et al., 2016) was the rst one-stage de-
tector using deep learning. YOLO (You Only Look Once, the name derived from
the very fact that it is a single-stage detector) is an extremely fast real-time ob-
ject detection algorithm which was quickly upgraded by YOLOv2 (Redmon and
Farhadi, 2017), YOLOv3 (Redmon and Farhadi, 2018), all the way up to the
most recent YOLOv10 (Wang, Chen, Liu, Chen, Lin, Han and Ding, 2024) and
YOLO11 (Jocher and Qiu, 2024). YOLO has been widely used in many real-
time object detection algorithms. The only drawback for YOLOv1 is that there
is a drop in precise localisation accuracy and accuracy of detection of smaller
objects when compared to the two-stage counterparts. YOLOv2 was proposed in
2017, has an improved detection accuracy compared to YOLOv1, and is a more
real-time framework that optimises detection and classi cation.

The signi cant achievement of YOLO is the uni cation of object detection
components by replacing them with a single neural network. There are two
models: a base model, which processes images in real-time at 45 frames per
second and a fast YOLO model, which can work at 155 frames per second. The
system divides an input image into grids of siz8 S. This grid is then used for
detection with respect to the object in the image. The grid cell is responsible for
predicting the object whose centre falls in the grid cell. The grid cell also predicts
the conditional probability of the object concerning the class it belongs to.

The prediction from each grid cell contains B number of bounding boxes and
con dence scores for each bounding box. Each bounding box prediction includes 4
values, corresponding to X, y, w and h. x and y denote the centre of the bounding
box, and w and h denote the width and height of the bounding box, respectively.
The con dence prediction is obtained from the Intersection over Union (IoU)
over the predicted box and ground truth. The con dence score becomes zero
if no object is present in the cell. Even though the number of bounding boxes
generated may be more than one, a single conditional probability value will be
generated. The con dence scores have more promising results because they give
the probability of occurrence of a particular class object in the bounding box and
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the precision of the predicted box concerning the object detected. The model was
evaluated on the PASCAL VOC (Everingham et al., 2010) dataset, a standard
for visual object detection.

The section above gives a brief introduction to the YOLO family to give an
understanding of how they work. However, the development of YOLO continues
up to today, with improvements in accuracy, precision, and runtime continuing in
the YOLO family of object detectors right up to today (Wang, Chen, Liu, Chen,
Lin, Han and Ding, 2024). The YOLOV8 (Jocher et al., 2023, YOLOV9 (Wang,
Yeh and Mark Liao, 2024), YOLOv10 (Wang, Chen, Liu, Chen, Lin, Han and
Ding, 2024) and YOLO11 (Jocher and Qiu, 2024) lead the way in the model's
advancement. YOLOVS introduced semantic segmentation capabilities. YOLOv9
(Wang, Yeh and Mark Liao, 2024) optimised gradient ow during training and
uses a Generalised E cient Layer Aggregation Network (GELAN) (Jegham et al.,
2024), which further advances layer information ow. YOLOv10 (Wang, Chen,
Liu, Chen, Lin, Han and Ding, 2024) eliminated the need for Non-Maximum
Suppression (NMS), the technique used by its predecessors to select bounding
boxes with the most con dence. YOLO11 (Jocher and Qiu, 2024), also intro-
duced by Ultralytics, retains capabilities from YOLOv8 (Jocher et al., 2023,
such as instance segmentation, pose estimation, and object detection. However,
it introduced enhanced feature extraction layers and a streamlined network struc-
ture, improving both speed and accuracy over previous iterations. The YOLO11
also provide ve scalable versions for di erent use-cases (Jegham et al., 2024).

SSD: The Single Shot MultiBox Detector was proposed by Liu et al. (2016),
almost in the same timeline as YOLOv1. SSD introduced multi-resolution and
multi-reference detection techniques, signi cantly improving the detection of smaller
objects. SSD uses the Visual Geometry Group model (VGG16) (Simonyan, 2014)
architecture as the backbone and adds more feature layers to the end of the back-
bone network. SSD has experimented using two di erent sizes of input images
to examine the e ect of each component; the one with input image size 300x300
is usually called SSD300, and 512x512 is called SSD512. Zhao et al. (2019) com-
pared object detection frameworks using deep learning. They found that SSD512
is the best-performing network on the PASCAL-VOC-12 dataset (Everingham
et al., 2010), followed by SSD300 and further followed by YOLOvV2.
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Summary

This section of the thesis discusses a small subset of the classic object detection al-
gorithms available, though many more exist. The research in this thesis used SSD
and YOLOv8 models for object detection and Mask Region-base-CNN (Abdulla,
2017), YOLOvV8 and YOLO11 models for instance-segmentation tasks conducted
as part of the experiments. The decision on which model to use involves care-
ful consideration of existing literature on which adaptations and customisations
can be made. The following sections survey the speci ¢ manufacturing problems
tackled in this thesis, such as defect detection in mobile phone recycling and USW
quality. These guide the design decisions discussed in later chapters of the thesis.

2.3 Background for person detection

The demand for fast and robust person detection in indoor and outdoor use cases
is necessary in this accelerated urbanizing environment (Khalifa et al., 2021).
Central to the use case is a requirement for using a TensorFlow-enabled approach
within a CNN framework (Khalifa et al., 2021). Neural networks that consist

of chains of tensor operations (geometric transformations, a ne transformations,
rotation, scaling, and so on) are use cases that have attracted much attention in
the literature lately (Wu et al., 2016). Pre-processing of the input data and a
suitable framework which can process the tensor data on a device like the Rasp-
berry Pi 4, 4GB is necessary for the geometric interpretation of such operations
in low-cost commercial applications (Chollet, 2018). In this work, "TensorFlow
lite' is the framework used for inference on the Raspberry Pi 4. The Tensor-
Flow framework used here is an open-source framework developed for internal
use by Google for machine learning but was later released under the Apache 2.0
open-source license in the year 2015 (Knezovt et al., 2019).

This work also applies some recent advances in the study of the integration
of deep learning frameworks to exploit the strong inductive biases that have
been observed when applying neural networks to optimisation or machine learn-
ing problems (Engel et al., 2020). CNNs are an essential component in a deep
learning framework used for detection and classi cation from image/video input
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(Awotunde et al., 2022). CNNs have been the preferred neural network-based
approach to pixel-wise image segmentation over traditional image processing and
computer vision techniques, especially in real-time person detection and iden-
ti cation problems (George and Huerta, 2018). Unlike the conventional image
processing techniques, which involve HOG, SVM or other gradient-based meth-
ods, Deep Learning makes it easier to implement person detection due to its
automatic feature extraction capabilities (Braun et al., 2019). Transfer Learning
has made deep learning more versatile as the base model trained on a su ciently
large dataset can be further used to nd solutions to new problems with a few
steps of ne-tuning for the speci c use case (Tan et al., 2018).

The e cacy of such deep learning frameworks is always a focus of academic
research (Kwasniewska et al., 2019). In this work, use case performance is as-
sessed across a GPU-powered device and an Edge Computing device concerning
latency calculations as opposed to the standard processing time requirements in
an industry-speci ¢ application and the use of a quantisation approach for per-
formance enhancement (Kwasniewska et al., 2019). This project considers the
e ciency vs latency of person detection on Edge Computing devices against a
GPU-accelerated device. This analysis is signi cant because of the advancement
of Edge Intelligence, where every technology is swiftly moving into resource-
constrained devices, and there is an increased need to maintain robust perfor-
mance.

2.4 Background for Face Masks detection

Al research has contributed widely to the detection systems currently prevalent
in industrial and research development programs (Rashid and Kausik, 2024).
The real-time detection systems used in industrial manufacturing or surveillance
systems use popular, state-of-the-art Deep learning models. The availability of
datasets and the concept of transfer learning also added to the advancement in
the use of deep learning in these systems (Yang, Li, Wang and Yang, 2019). This
area of face mask detection was a relatively new research domain that gained
importance due to the unprecedented times of the COVID-19 pandemic. Face
mask detection was a relatively new problem in 2020; there has been limited
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availability of a benchmark dataset that contains real-world face mask images
(Oumina et al., 2020).

Face detectors have been in use ever since the development of computer vision
systems using classic image processing techniques (Yang et al., 2002). They
have also been widely used in surveillance, where most face detection systems
were developed around frontal face detection. Before deep learning, the state-
of-the-art face detection algorithm was the Viola-Jones, which used the Haar
Cascade classi er (Mbunge et al., 2021). Further development in computer vision
techniques used cascade classi ers for various detection processes and even for
identi cation purposes. The DPM (Felzenszwalb et al., 2009) was the next phase
of development in face detectors, which used an SVM for the purpose of detection
and classi cation. (Yu et al., 2017) proposed that face detection research be
broadly divided into three categories: Cascade-based, DPM-based, and Neural
Network-based.

The Viola-Jones algorithm for face detection was rst proposed in 2001 (Viola
and Jones, 2001). In 2004, the algorithm was further improved to use the Ad-
aBoost learning algorithm, integral image and cascading the classi ers to discard
the negative images for better detection speed (Viola and Jones, 2004). There-
after, a cascade classi er approach was used in numerous detection systems. The
Haar Cascade Method used machine learning algorithms to classify images into
positive and negative images. However, the Viola-Jones algorithm did not work
well with multiple face angles and occlusion. The cascade method has the advan-
tage of helping with handling the imbalance of positive and negative images and
hence is still widely used in face detection (Peng and Gopalakrishnan, 2019).

The Viola-Jones algorithm could perform detection in real-time, but the algo-
rithm was still computationally expensive (Fan and Jiang, 2021) and hence was
developed based on desktop environments. The DPM-based detector used a col-
lection of parts generated using supervised or unsupervised training followed by
the use of an SVM to nd the geometrical relationships of parts, which made it
more robust against partial occlusion as opposed to cascade-based methods (Yu
et al., 2017).

Due to the automatic feature extraction capabilities and robust performance,
deep learning was also used in face detection, where CNNs were the backbone of
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all these deep learning-based algorithms. Peng and Gopalakrishnan (2019) identi-
ed deep learning-based detection algorithms to be of two types: target detection
and cascade algorithms. Cascaded CNN is one such cascade-based method in face
detection, which is, in e ect, the deep CNN implementation of the Viola-Jones
algorithm. Multitask Cascaded CNN (MTCNN) is a deep cascaded CNN for
face detection, which performs face classi cation, bounding box regression, and
facial landmark localisation (Zhang et al., 2016). MTCNN uses a three-stage cas-
caded architecture of deep convolutional networks to predict face and landmark
locations.

Recent face mask detection systems have been developed for public health
safety owing to the unprecedented times caused by the COVID-19 pandemic.
Prior to that, the only face mask detection system in literature was a Medical
face mask detection to detect mandatory face masks in operation rooms (Nieto-
Rodriguez et al., 2015). This study uses a face detector, followed by a mask
detector using face attributes and alerts when the sta in the operation room is
not wearing a face mask. The current research also started in the same respect
with a face detector followed by a mask detector.

Fan and Jiang (2021) developed a face mask detector called the RetinaFace-
Mask, a one-stage detector made by combining SSD and FPN architecture. The
system uses an FPN to integrate high-level semantic information into feature
maps. They also proposed a cross-class object removal system to reject detections
with low con dence scores. The context attention detection head helps increase
focus on the face and masked features. Fan and Jiang (2021) achieves 92.06%
accuracy; however, this is not a direct comparison to the work presented in this
thesis, as Fan and Jiang (2021) investigates correct or incorrect mask-wearing
practices.

Loey et al. (2021) developed a face mask detection system using hybrid deep
transfer learning and classical machine learning. In this work, deep transfer
learning is used as a feature extraction step using the ResNet50 (He et al.,
2016) architecture. These extracted features are then evaluated using classi-
cal machine learning algorithms, such as a decision tree classi er, SVM, and
an ensemble algorithm. The results are analysed across the currently avail-
able face mask detection datasets, Real-World Masked Face Dataset (RMFD)
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(Wang, Huang, Wang, Yi and Jiang, 2023), Simulated Masked Face Dataset (SMFD)
(Cai et al., 2023), and Labeled Faces in the Wild (LFW) (Learned-Miller et al.,
2016) datasets.

Jignesh Chowdary et al. (2020) developed a face mask detection system using
InceptionV3. This work used the SMFD dataset, which is far from the variety
of face masks encountered in real life. In the work presented in this thesis, a
combination of datasets, including SMFD, RMFD (with Real-World images of
facemasks) and also face mask images scraped from the web to enhance the
variety of facemask images used in training (Ferm, 2020; Weerasinghe et al.,
2024). Image data augmentation is also used to overcome the challenge of limited
datasets available for face mask detection studies.

2.5 Background for Defect Detection and Grad-
ing in Mobile Phone Recycling

The refurbishment of smartphone devices is a growing industry heavily dependent
on manual labour, making decisions subjective, especially in grading the severity
of the damage. The work in this thesis will tackle the automation of mobile phone
defect detection and grading (refer to Chapter 5). This section introduces the
problem and provides a comprehensive literature survey.

2.5.1 Defect Detection of Mobile Phones

Refurbishment is a widely used routine to prolong the life of electronic devices
and reduce e-waste (Ramesh et al., 2023). Figure 2.1 shows smartphones that
are returned by consumers; (a) shows a phone with a crack defect, and (b) shows
a phone with a scratch defect. These smartphones could be refurbished to gain
most of their functionality and upgraded to a cosmetic condition, ready for a sec-
ond user. Directing such defective devices into the refurbishment process could
e ectively increase the life of the electronic equipment, helping to reduce the
amount of e-waste generated worldwide and possibly saving millions of devices
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(a) (b)

Figure 2.1: Figure (a) shows a phone screen with crack lines and (b) shows a
phone screen with deep scratch lines

from ending up in the ocean and land lls (Gollakota et al., 2020). Remanufac-
turing is an e ective strategy in extending the life of electronic goods, by which
they could be restored to new-like conditions (Du et al., 2012).

The increasing drive for sustainable manufacturing, waste recycling strategies,
and the high carbon footprint of manufacturing industries highlighted the neces-
sity for remanufacturing and refurbishment. These recovered products undergo
guality inspection to determine whether they will be disassembled to scavenge
functioning parts within or undergo a complete refurbishment of functionalities
with the existing components. This sorting process is almost entirely handled
by human operators, increasing the chance of subjectivity in the overall decision-
making process.

The refurbishment industry is often managed by third parties that recover
products or parts from exchange/return units of the Original Equipment Manu-
facturer (OEM) (Nwankpa et al., 2021). With the common consensus of circular
economy as opposed to the use and disposal approach, the original manufacturers
are responsible for collecting and treating end-of-life products (Farahani et al.,
2019).

For example, Table 2.1 gives the carbon footprint of Apple smartphone de-
vices for the most recent models widely in use. Carbon footprint is the amount of
carbon dioxide or greenhouse gases emitted expresse@ @, equivalents (Wied-
mann and Minx, 2008). It is often expressed as the property of "‘carbon weight'
in kilograms. Remanufacturing is one of the fruitful approaches to recycling and
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Table 2.1: Table detailing Apple's 2024 Environmental Progress Report (Inc.,
2024) showing carbon footprint for each device based on model, storage, year of
release, and carbon emission.

# Model Year Storage CO2 emissions from manufacturer
1 iPhone 15 2023 256GB 61 kg CO2e

2 iPhone 15 Pro 2023 256GB 71 kg CO2e

3 iPhone 15 2023 512GB 74 kg CO2e

4 iPhone 15 Pro 2023 512GB 83 kg CO2e

5 iPhonel4 2022 256GB 67 kg CO2e

6 iPhone 13 2021 256GB 71 kg CO2e

low-carbon production; OEMs and authorised remanufactured (AR), a third-
party authorised by OEM to use their intellectual property for remanufacturing,
are investing in emission reduction approaches and incorporating sustainability
into their branding (Xia et al., 2023). Electronic equipment recovered through
outlets reaches the remanufacturer through a reverse logistics process. The dy-
namic range of returned products poses a challenge in remanufacturing (Tolio
et al., 2017). The devices returned by customers vary in model, year, size, di-
mensions, and condition. Apart from the above-mentioned variables, the defects
in the devices also range from cosmetic damage to functional damage. In a
manufacturing environment, uniformity is maintained in product sub-stages and
process management. This cannot be applied in a remanufacturing unit, as the
feeder will encompass items from di erent types of devices in the same category.

To address the con ict of interest between economic goals and ecological ones,
the manufacturer's prot in the remanufacturing sector should also be taken
into account (Cheng et al., 2022). High variability and di erences in availability
are challenging factors in this sector, where there is a need to maintain a high
throughput rate to combat the lower price of nal products to make the process
pro table (Schister et al., 2021). The study conducted by Zhao et al. (2021)
on the energy and time prediction model observes three signi cant di erences in
remanufacturing from conventional manufacturing. They are (as adopted from
(Zhao et al., 2021)):

(1) stochastic returned production in time and quantity,
(2) varying qualities and compositions of returned products, and
(3) un xed processing routes and time.
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Sorting the products for rework and resale is a tedious task that requires a
high level of precision, such that only trained human personnel are employed in
this domain (Priyono et al., 2016). The research in this thesis aims to use Al to
assist in systematically identifying and grading defects to support decisions on
the next process step for the reworking of smartphones according to the defect
detected. Human operators can bring in subjectivity in grading depending on
the time of exposure or level of fatigue encountered, and this, in turn, can result
in misclassifying the phones into their respective grades. Further, it is possible
that two or more experts can disagree on grading or the next process step. This
misclassi cation could lead to customer dissatisfaction, an increased number of
returns, and or an unnecessary increase in costs in the very price-sensitive refur-
bished equipment market. This thesis proposes a comprehensive process, from
identifying a defect to data collection for analysis, data parameterisation, defect
prognosis and analysis of repair/rework process stages, building of dataset, and
training of Al model for defect detection. The work includes mitigating challenges
faced during all the above steps. Mobile phone defect detection and grading is
the proposed use case.

To maintain consistency in sorting and identifying defects, determined obser-
vation is needed for extended periods. This subjective nature adds stress to the
workers as the number of phones completely graded can have a direct economic
impact on the reverse logistics company (Schiater et al., 2021). Gnanavel et al.
(2015) state that workers taking the shift-based working system in Cellular Man-
ufacturing Systems were reported to have fatigue and circadian rhythm disorder.
Koukoulaki (2014) states that lean production practices utilising human labour
can cause time pressure that, in turn, could disturb all parameters of physical
and mental workload. This a ects the decision-making capacity of the human op-
erator, resulting in inconsistency in the grading task. The fundamental problem
in this setting is the human-centric nature of sorting, identi cation, and defect
detection. An example of particular importance is determining what polishing
process should be chosen for the screens (polishing is the process of removing mi-
nor defects from screens). Polishing is a standard rework process used to upgrade
the cosmetic quality of remanufactured smartphones. When the minor scratches
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on the phone screen are removed, the cosmetic grade of the smartphone improves
and, hence, will be higher in value.

One of the possible ways to help solve this problem is to move humans a
step further away from subjective decisions and to introduce automated sys-
tems. Al-based identi cation/detection systems and computer vision can be used
to detect, identify, and objectively evaluate the products or assistive systems.
The human operator/personnel in the loop can assist by con rming or dismiss-
ing suggestions generated by the Al. This will lead to a more automated re-
manufacturing/refurbishment setting with Human-in-the-Loop for further train-
ing and updating of the initial trained model to improve accuracy and detection
time.

2.5.2 Grading and Defect Detection in Remanufacturing

Zheng et al. (2019) observe 40-65% economic bene t in remanufacturing indus-
trial products as compared to a newly manufactured product. They proposed a
novel reconstruction method based on primitive features (plane, cylinder, sphere,
and cone) for mechanical components from their 3D scans. The geometric mod-
els, hence reconstructed, can be used for surface tting and thereby detecting
defective volume. The literature shows research attempts to automate process
stages in remanufacturing, including preprocessing, defect detection, and grading
of incoming used products. Du et al. (2012) discuss the evaluation of the re-
manufacturability of used equipment, with signi cance to “disassembly, cleaning,
inspection & sorting, part reconditioning, machine upgrading, and reassembly'.
Kaiser et al. (2022) experimented with the concept of autonomous visual core in-
spection by incorporating Al-based inspection systems to handle the multidimen-
sional uncertainty inherent in remanufacturing. Core inspection, part inspection,
and nal product testing are the key areas of inspection in remanufacturing.
Ridley and ljomah (2015), in their study about the pre-processing phase,
found that about 20% of processing time is saved by automated pre-processing
inspection of cores. In automotive sectors involving engines and components, non-
destructive technology such as ultrasound testing is used for inspecting cores. He,
Hao, Li, Lim and Wang (2020) proposed a failure feature identi cation method
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for adaptive remanufacturing by integrating point cloud generation and ne reg-
istration for feature identi cation. The studies in the area of automating reman-
ufacturing stages have been con ned to one or more product-speci ¢ processes
like pre-processing, inspection, and reconstruction of design rather than generat-
ing an overall decision-making methodology towards assessing the re-usability or
quality grading of the core acquired. Cronin and Lifecycle (2023) explains the
signi cance of grading in extending the lifecycle of devices. There is an increasing
need for automated and intelligent technologies in the area of remanufacturing
to improve e ciency and pro tability further.

2.5.3 Computer Vision-based Defect Detection

Al-based methods have been employed in remanufacturing process stages in an
attempt to automate and accelerate processing (De Simone et al., 2023). Com-
puter vision techniques have been used in pre-processing, inspection, and defect
detection in remanufacturing (Nwankpa et al., 2021). Deep learning has been
used for the detection and segmentation of cracks in multiple domains, includ-
ing cracks in building facades (Chen, Reichard, Xu and Akanmu, 2021), concrete
(Dinh et al., 2016), roads and civilian infrastructure (Ai et al., 2023), glass bottles
(Tai-shan et al., 2012), etc. ldentifying the remanufacturing of high-value ma-
chinery as an important aspect of future manufacturing, Gibbons et al. developed
a Gaussian mixture model for corrosion detection in used parts. This is the use
of unsupervised learning for cluster analysis leading to segment corrosion (Gib-
bons et al., 2018). The e ort to automate corrosion detection is commendable,
but this method employs feature engineering, which is not typically necessary in
current supervised techniques involving deep learning methods. The recent trend
is the usage of pixel-wise segmentation to enable the measurement of detected
regions of defect (Chen, Reichard, Xu and Akanmu, 2021). Pan et al. (2021)
proposed a Mask-RCNN (He and Gkioxari, 2017) based surface scratch detection
on transparent glass.

In the study proposed by Aravind et al. (2021), cracks in concrete were de-
tected by the combined use of traditional image processing techniques like edge
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detection in extracting crack patterns and classi ed using an SVM classi er (Ar-
avind et al., 2021). Ren et al. (2019) used X-ray images in a three-stage process
for the detection of defects in engines, with the training of an autoencoder with
normal images, freezing the learned weights of encoder section and training a
fully connected layer using normal and defective images and nally ne-tuning
the whole network (including encoder section) for enhanced performance. Chen,
Reichard, Xu and Akanmu (2021) used CNN and U-Net (Ronneberger et al.,
2015) neural network models to di erentiate cracks and non-crack regions on
128 128 patches of image regions in building facades where cracking regions
were segmented for pixel-wise analysis. The CNNs were trained on Unmanned
Aerial Vehicle (UAV)-captured images for detection, followed by segmentation
using the U-Net network, which was trained on open datasets and UAV-captured
HD images. Danish and Senjyu discuss Al-driven sustainable development poli-
cies, trends, and approaches and evaluate the potential of Al in addressing sus-
tainable development aspects (Danish and Senjyu, 2023). Nwankpa et al. (2021)
used deep learning architecture, ResNet (He et al., 2016), to detect defects in
mild steel plate materials, utilising 3600 images of each part categorised into 8
classes (a total of 28,800 images) for the overall experiment. This approach used
deep learning to detect and classify individual defect areas, achieving automated
inspection using Al-based computer vision. Adopting the current movement of
using supervised learning techniques such as deep learning to automate reman-
ufacturing process stages, this thesis proposes a defect detection and grading
methodology for smart electronic devices with a screen, choosing a smartphone
as the particular use case.

In 2020, Haofei Tian published a research study on the use of computer vision
for detecting cracks on mobile phone screens (Tian, 2020). Images were collected
using a Charge-Coupled Device (CCD) camera, and these red-green-blue (RGB)
images were converted into Hue-Saturation-Intensity (HSI) format, giving seg-
mented areas of crack regions where hue values exceeded the pre-set threshold.
While it is a good attempt to use a CCD camera for data collection and conver-
sion into HSI, this technique has not been tested on larger datasets for industrial
use. As far as the authors are aware, there are no existing benchmarks for mobile
phone defect detection and grading using CV-DL. The baseline results obtained

35



2. BACKGROUND & LITERATURE REVIEW

using the CV-DL methods are presented in Section 5.4, and the methodology of
the experiment along with the challenges encountered are described as contents
of Chapter 5 in this thesis. Han et al. (2023) developed a smartphone screen
glass defect dataset, detecting seven types of defectack, broken, spot, scratch,
light-leakage, blot, broken-membraneHowever, their work only covers the de-
tection of the defects listed above. Also, the images in the dataset cover parts
of the smartphone screens. Hence, an overall grade for the phone screen cannot
be determined. The work in this thesis is focused on determining the overall
grade of the defective phone screen to enable the sorting of the device for further
downstream tasks in the remanufacturing process.

Summary

This section has discussed the problem of screen defect detection, why it is impor-
tant, and the use of computer vision to detect and grade said defects. However,
existing datasets and methods are limited in scope and do not provide a grading
for the severity of the damage. This problem is tackled in Chapter 5, with results
presented in Section 5.4. This thesis presents a novel methodology and grad-
ing criteria (given in Table 5.5 in Section 5.3) developed to determine an overall
grade for the phone screen using the phone screen defect detection dataset, with
complete screen images, collected and annotated during the course of this exper-
iment. This thesis addresses the limitations in the literature for grading criteria
based on the severity of the defect detected on the phone screen. This is an added
advantage for a remanufacturing system where the devices could be graded based
on their cosmetic condition, which enables automated decision-making for the
downstream task (Cronin and Lifecycle, 2023; Ponte et al., 2021).

2.6 Background for Ultrasonic Weld Quality In-
spection using Computer Vision

Defect detection is an important step in the industrial manufacturing process
involving welding, and CNNs have been widely used in defect detection due to
their powerful feature extraction capability (Cumbajin et al., 2023). Machine
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intelligence is used in welding visual inspection as a crucial and cost-e ective
way to ensure welding quality during fabrication and construction processes
(Gong et al., 2018). One signi cant challenge is the lack of balanced training
data. There should be a su cient representation of true and false positives for a
representative number of di erent use case settings (Givnan et al., 2022). Even
with the improved computational capabilities of loT-enabled sensors, curating a
su ciently balanced training dataset can present a signi cant challenge. Impor-
tantly for the work proposed in this thesis, techniques such as transfer learning,
ne-tuning, and data augmentation ensured accuracy close to the state-of-the-art
models (Liang et al., 2019).

This section will tackle the automation of welding strength prediction and
defect detection for the examination of the quality of USW joints (please refer
to Chapter 6). Here, the problem is introduced, and a comprehensive literature
survey is provided.

2.6.1 Weld Quality Inspection

Welding is a universally used technology for joining structural components in
aircraft, automobiles, machines, construction, pipelines, etc. The technology and
equipment used for welding di er based on the type of welding joints that ad-
here to a welding standard. Defects in welding are a natural cause of concern,
and Non-Destructive Testing (NDT) methods for automatic weld defect detec-
tion technologies have been an emerging area of research (Xu, Yan, Ji, Huang,
Cheng and Wu, 2022). The most widely used Non-Destructive Inspection (NDI)
techniques include visual testing by a quali ed operator (Hou et al., 2020; Liao,
2009), radiographic testing involving X-ray or Gamma rays to generate weld joint
images that reveal internal defects (Zuo et al., 2023), ultrasonic testing involv-
ing high-frequency sound waves to detect aws in weld joints (Stavridis et al.,
2018), magnetic particle testing which observes the behaviour of applied magnetic
particles to detect surface and near-surface defects (Reddy, 2017) and liquid pen-
etrant testing which involves usage of penetrating uid that seeps into cracks or
pores and further examining the area under UV light after removal of the uid
(Block et al., 2024). Magnetic methods like Eddy Current Testing are one of the
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promising techniques in NDT applications of steel since the system con guration
is simple, fast and non-contact (Nadzri et al., 2018). Another electromagnetic
inspection technique, Alternating Current Field Measurement, has the added ad-
vantage of determining the size of defects (length and depth) in a wide range of
structural materials (LeTessier et al., 2002). In the weld defect testing procedure,
using X-ray or gamma produces a weld radiographic image by rst generating the
weld structure and then exposing the photographic Im. The defect in the weld
joint is identi ed by a change in intensity in the radiographic image. These Ims
are inspected by a certi ed operator, which is a time-consuming and tedious pro-
cess in the mass production environment (Xu, Yan, Ji, Huang, Cheng and Wu,
2022). Madhvacharyula et al. (2022) observe visual inspection as a rudimentary
method that requires an experienced human. However, recent research has de-
veloped algorithms to automate this process more accurately and e ciently than
humans.

The automation of weld defect detection is a signi cant step in manufacturing.
A real-time weld defect detection process allows dynamic corrective measures to
overcome the defect or halt the welding process to avoid further wastage (Mad-
hvacharyula et al., 2022). These are essential steps to avoid damage to the welded
structure, thus possibly avoiding critical safety hazards. In recent years, auto-
mated defect detection systems have advanced in manufacturing. Image process-
ing techniques with feature extraction and classi cation have been widely used in
weld defect detection from radiographic images (Handoko, 2023). Yang, Cui, Yu
and Yuan (2021) used image pre-processing techniques such as motion deblurring
using Hough Transform so that weld areas and defects could be detected easily.
Liu et al. (2020) used image relief preprocessing to enhance the contrast of radio-
graphic images for easier detection of defects. Guo et al. (2021) developed a new
model named contrast enhancement conditional Generative adversarial network
(CECGAN), which was utilized as a resampling technique for improving contrast
in radiographic images and increasing the number of samples and balancing the
distribution of data within the images. So a and Redouane (2002) achieved weld
defect segmentation using watershed segmentation and morphological operations.
Purnomo et al. (2023) observes that deep learning-based methods perform better
at classifying and detecting weld defects in radiographic images and that these
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detection models can be trained on small datasets, making them popular solu-
tions.

Further advancement of Al-based systems led to the use of deep learning
techniques for weld defect detection (Hou et al., 2020). This work analyses the
encoding of image data using a CNN-based autoencoder (Li et al., 2023) to en-
gineer a predictive analysis of weld quality in a manufacturing setting. When
available data is limited, and the cost of building a comprehensive dataset is
prohibitive, data generation techniques could be used. For example, data aug-
mentation techniques and multi-modal data fusion can be used to overcome data
scarcity (Xu et al., 2023) and train the Deep Learning model. Computer vision-
based techniques with pre-processing steps for feature engineering and extraction
were used for weld defect detection from X-ray images (Madhvacharyula et al.,
2022). These techniques were further employed in multiple research avenues in-
volving RGB images, but few are publicly available to the research community.
Also, the defects produced in the weld strongly depend on the fused materials and
the type of welding technique used (Mongan et al., 2021, 2022). Hence, the de-
fects are also di erent for each problem. Weld defects can be categorised into two
types: external and internal. Weld cracks, undercuts, spatters, porosity, overlaps,
and craters are external welding defects. Slag inclusion, incomplete fusion, neck-
lace cracking, and incompletely lled grooves are internal welding defects (Rizvi
and Alib, 2019).

Ultrasonic welding is an important method for joining plastics and is a sig-
ni cant method for welding polymer composites (Benatar and Marcus, 2023), as
it is an e cient process that creates strong, reliable bonds without the need for
additional materials like adhesives or solder. It is environmentally friendly, versa-
tile, and produces minimal thermal impact, making it ideal for various industrial
applications Mehta (2019). USW is the speci ¢ focus for this thesis as a specic
use case for defect detection in manufacturing that utilises CV-DL methodology.
Figure 2.2 is a diagrammatic representation of the USW process. Thermoplas-
tics are light and cost-e ective, which makes them popular in, for example, the
automotive sector to reduce the weight and cost of vehicles (Rajakumar et al.,
2023). The plastic welding process involves heating the plastic components until
they are exible and then joining them. Plastics start to fuse at the moment of
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Figure 2.2: Diagrammatic representations of the USW process, adapted from
(Rajakumar et al., 2023)

melting. They will be entirely fused only when they are cooled. Hot gas welding,
laser beam welding (Jones, 2013), spin welding (Bindal et al., 2021), vibration
welding (Stokes and Hobbs, 1993), hot plate welding (Bucknall et al., 1980), high-
frequency (Tro mov et al., 2011), and solvent welding (Tiwary et al., 2022) are
all processes used for plastic welding. In USW, high-frequency, low-amplitude
mechanical vibrations are used to generate the friction required to generate the
heat (Rajakumar et al., 2023).

Due to its adaptability to various polymer composites, short process times,
low energy requirements, and ease of automation, USW is preferred for mass-
production applications (Mongan et al., 2021). However, the integrity and strength
performance of the joint are signi cantly in uenced by the weld process input
parameters (Mongan et al., 2021; Rajakumar et al., 2023). Frequently, multiple
inspection methods are used to determine the weld joint quality. For example,
joints can have good Lap Shear Strength (LSS) but a lot of matrix degradation
due to excessive heat during welding, leading to premature failure. To address
this issue, the work in this thesis proposes two methods: weld strength prediction
and visual defect detection.

Figure 2.3 gives an overview of the stages of development of the two-step
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Figure 2.3: USW quality inspection from constrained dataset

weld joint inspection experiment presented in this research. This work focuses on
the performance improvement brought forward by the fusion of image data with
input settings data acquired under the same manufacturing setting to predict the
strength of weld joints, considering LSS as the quality attribute. To that end,
the work in this thesis developed and used a multimodal dataset containing input
parameter settings and encoded image data of the weld joints. The sample size
obtained was 28. A Convolutional Autoencoder (CAE) was designed and trained
to extract image feature data, discussed in more detail in Section 6.2.1.1 and
Section 6.2.1.3.

Along with the weld quality prediction, weld defect detection with an accuracy
of 74% on a bespoke USW weld defect dataset is also proposed in this work. For
this task, a dataset of weld joint images showing the welding defects (the USW
weld defect dataset) is set up using o ine image augmentation techniques. This
dataset is annotated into three di erent classes based on the severity of visual
defects. This annotated USW defect dataset is then used to train computer
vision deep learning algorithms to detect weld joint defects. This work proposes
two quality checks that can be performed on the same weld joint for a complete
inspection to mitigate premature failure.

1. First, LSS evaluation is performed to ensure the strength of the joint is
within acceptable limits

2. Automated visual defect of the joint is assessed to determine if any defects
will lead to premature failure

Using computer vision in the loop for real-time product quality control poses
many challenges. As with all deep learning, algorithms are only as good as the
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data they are trained on (Tripicchio et al., 2020). The problem of imbalanced or
limited datasets hinders the development and deployment of Al-based solutions
on the factory oor. Conversely, optimised manufacturing processes greatly re-
duce the occurrence of faulty samples. Developing models on small datasets is
a common issue for engineering applications, and this study is no di erent. The
objective is to produce parts that exhibit a target LSS value for the USW joint to
minimise destructive testing, thereby increasing production e ciency and lower-
ing production costs. As will be shown in Section 6.4.2, the weld defect detection
achieves an accuracy of 74%, which ¥s 70%, the reference industrial oor rate

of accuracy set by the manufacturer in cellular manufacturing processes (a pro-
duction strategy aiming to increase e ciency on the production oor continually)
(Hosseinabad and Zaman, 2020). In cellular manufacturing implementation, 50%
or more improvement on any performance metric is categorised as a successful
implementation (Hosseinabad and Zaman, 2020).

2.6.2 Related Works

Surface defect detection is a signi cant step in quality analysis in industrial man-
ufacturing (Chen, Ding, Zhao, Zhang, Wu and Shao, 2021). It is one of the
industry's most scrutinised speci cations, making it critical that manufacturers
and consumers adhere to the same prescribed standards to ensure high quality in
the manufactured products.

2.6.2.1 Weld Defect detection

As mentioned previously, welding is an important technology in many industries.
The quality should be ensured according to the welding standards; hence, weld
defect detection has been an emerging research topic over the years (Guo et al.,
2018). Papageorgiou et al. (2021) observe Zero Defect Manufacturing (ZDM)
as one of the important strategies of Industry 4.0. Traditional machine learning
methods, such as Bayesian Networks, Logistic Regression, K-Nearest Neighbours,
SVMs, etc., have all been used in industrial operations and defect detection.
The Bayesian method is based on probability calculus. Bayes theorem provides
a way to calculate the posterior probability from prior probability (Aci et al.,
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2010). Logistic Regression is a binary classi cation technique used for prediction
tasks (Saidi et al., 2021). Logistic Regression is based on the logistic function,
a sigmoid function that maps a weighted linear combination of features into real
values between 0 and 1 (Saidi et al., 2021). K-Nearest Neighbours is based on
supervised learning. This aims to nd the nearest k-sample from the existing
data when a new sample is presented (Aci et al.,, 2010). The new sample is
classi ed according to the most similar class (Aci et al., 2010). Support Vector
Machines (SVM) is a method for the classi cation of linear and non-linear data
(Cosma et al., 2017). Xu et al. (2024) discuss SVM as a learning machine for
classi cation problems, a machine that implements the mapping of the input
vector to high-dimensional feature space.

Al-based ZDM technologies have advanced in the past decade. Computer
vision-based automated technologies have been used in manufacturing. They are
primarily in four categories (Tripicchio et al., 2020):

A

Dimensional quality  where the dimensions of the object under inspection
are assessed to determine if they are within speci c tolerances

Surface quality where the surface is inspected for cracks, wear, scratches,
etc.

Structural quality  where the manufactured component is analysed for
the presence of unnecessary parts or lack of required components

Operational quality  where the quality of the object is inspected to de-
termine if it is t for the required purpose

The weld defect detection methods proposed in this thesis use RGB images
rather than the more common X-ray images. In addition, the work in this thesis
proposes to use the four input parameters of the welding process. This work shows
that combining visual information with the input setting information can signi -
cantly reduce errors in machine learning-based weld quality prediction compared
to using input settings alone.

Figure 2.4 shows plots for the comparison of weld joint strength measured as
LSS against input parameters Trigger Pressure (Figure 2.4a), Vibration Ampli-
tude (Figure 2.4b), Welding Energy (Figure 2.4c) and Welding Pressure (Figure
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2.4d). These plots are created from the input parameter data, one part of which
contributed to the multimodal dataset (discussed in detail in 6.4.1). Mongan et al.
(2021) observe that vibration amplitude in uences joint LSS the most. However,
the above graphs indicate that an increase in trigger and welding pressure has
an incremental e ect on joint LSS. Welding energy, however, has a reverse e ect
on the joint LSS. From the above observations, it is clear that all four parame-
ters signi cantly a ect LSS, but not in a linear manner. This is the motivation

to use the machine learning regression technique to predict the LSS of the weld
joint as machine learning algorithms are powerful feature extractors from raw
data (Je ers and Reinders, 2013; Mongan et al., 2021, 2022). Figure 2.5a shows
the heat map of input parameters, which indicates welding energy and vibration
amplitude to have the greatest in uence on LSS. Figure 2.5b shows the range of
the input parameters and LSS.

Sassi et al. (2019) used the deep learning network DenseNet (Huang et al.,
2017) to develop automatic weld defect detection using a dataset for 378 labelled
images. Using a small dataset, Le et al. (2020) used an ensemble model for
surface defect detection. Their original defect images available were 50 defec-
tive images of decorative sheets and 56 defective images of welding joints. They
used random imitation and Wasserstein Generative Adversarial Networks (GANS)
(Martin et al., 2017) for data augmentation and a multi-model ensemble network
containing InceptionV3 (Szegedy et al., 2016), MobileNet (Howard et al., 2017),
and other CNNs for defect detection. Gao et al. (Gao et al., 2020) investigated
real-time defect detection for industrial applications and tested their methodol-
ogy on defect datasets, NEU-DET (He et al., 2019) and DeepPCB (Tang et al.,
2019). They used ResNet50 as the backbone, a fully convolutional neural network
for expanding the receptive eld for feature information collection, and Gaussian
Weighted Pooling as the region of interest approach. From all the complex com-
binations of experiments, they have also observed the lack of precisely annotated
datasets for surface defect detection as the motivation for using feature informa-
tion extraction and digital signal processing techniques to improve the accuracy
of the deep learning techniques.

Yang, Fan, Huo and Liu (2021) observe that weld defect recognition is mainly
divided into feature-based and deep learning-based methods. Feature-based meth-

44



2.6 Background for Ultrasonic Weld Quality Inspection using
Computer Vision

(@) LSS Vs. Trigger Pressure (b) LSS Vs. Vibration Amplitude

(c) LSS Vs. Welding Energy (d) LSS Vs. Welding Pressure

Figure 2.4: Comparison of LSS against (a) Trigger Pressure (b) Vibration Am-
plitude (c) Welding Energy (d) Welding Pressure

ods use image features from X-ray or RGB images, though they have very weak
texture characteristics and weak contrast for e ective image feature extraction.

Previously, sensors such as vision sensors (Tao, Wang, Zhang, Zhang, Xu, Gong
and Zhang, 2018), infrared sensors (Alfaro and Franco, 2010), ultrasonic sensors
(Stavridis et al., 2018), and X-ray sensors (Duan et al., 2019) have been used for
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(&) Heatmap of input parameters (b) Box plot of input parameters

Figure 2.5: Plot (a) shows the heatmap of all the four input parameter settings,
and (b) is the box plot to indicate the range of values of the input parameter
settings

welding defect detection. Duan et al. (2019) proposed an automatic weld defect
detection from X-ray images using an adaptive cascade boosting (AdaBoost) al-
gorithm for classi cation. Roy et al. (2018) used time-frequency domain signal
processing, such as discrete wavelet transform, to detect defects in friction stir
welding and veri ed the internal defects in weld samples by computed tomog-
raphy scan images. Weld bead inspection using a structured light-based vision
inspection system was proposed in (Li et al., 2009). The study presented the
dimensions of the weld beads, image processing, and extraction algorithms for
laser pro les for defect detection during multilayer welding processes.

Chen, Fang, Xia, Zhang, Huang and Wang (2018) proposed a weld defect
detection using selective reconstruction of background and weld regions in test
images such that the defective regions will be suppressed by sparsity reconstruc-
tion. Computing the di erence between the reconstructed and test images high-
lights the defective regions. Du et al. (2007) performed weld segmentation and
defect detection on X-ray images using traditional image processing techniques
to automate the weld defect detection process.

Among the deep learning-based defect detection techniques, intelligent pro-
cess control for laser welding has been studied in (Ganther et al., 2016). The
authors use a deep autoencoder to extract low-dimensional features from the
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high-dimensional image data. The extracted features are then fed into a temporal-
di erence learning algorithm to acquire data and temporal predictions, which are
then combined with deep learning to map sensor data directly to the quality
of a weld seam. Yang, Liu and Peng (2019) proposed a weld joint detection
and identi cation method based on a deep convolution neural network. A deep
learning-based surface defect inspection system was proposed by Yang, Fu, Zhu,
Cao, Cao and Yang (2020). The authors applied background segmentation and
template-matching techniques to determine the region of interest, which was then
uniformly cropped into several patches. These patches are fed into a pretrained
CNN-based model for classi cation. The CNN-based model used in this experi-
ment is SqueezeNet (landola et al., 2016). Yi et al. (2017) proposed an end-to-end
surface defect recognition system based on symmetric surround saliency maps for
surface defects and deep CNN for classifying seven categories of steel strip de-
fects. Fu et al. (2019) developed a surface defect classi cation method using the
SqueezeNet baseline (SDC-SN-baseline) on the NEU-DET (North Eastern Uni-
versity) detection benchmark dataset. They ne-tuned low-level features in the
pretrained model to better characterise texture-related defects on steel surfaces.
The authors also incorporated multiple receptive elds to improve the distinc-
tiveness of high-level features. The weld defect detection method proposed by
Tripicchio et al. (2020) focused on using computer vision techniques and deep
learning to cope with unforeseen changes in production quality. They used pre-
Itering and a weighted confusion matrix to avoid retraining and obtain good
performance estimations.

One of the challenges addressed in this work is the limited dataset. The
original number of images available was 28, which is extremely low to build a
dataset. Input parameter setting values corresponding to each weld joint were
also available, enabling data fusion. Data Augmentation was applied as a data-
space solution to address the problem of limited data (Shorten and Khoshgoftaar,
2019). The work in this thesis uses these methods to overcome the limited data
problem. The focus of this work is to identify a model that is readily deployable in
a real-time manufacturing setting, and that is optimal in relation to the mitigation
of these factors. In particular, any misclassi cation that might occur concerning
minor/cosmetic versus major defects has signi cant rami cations for parts being
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incorrectly assigned to an unnecessary process step. This analysis aims to identify
the model that ensures the correct downstream action, which may include further
human involvement in the detection process, is always taken.

The work in this thesis overcomes the challenge of an extremely limited dataset
(discussed in Section 6.2.2.1) to build a robust weld defect inspection technique.
This work also develops a multimodal dataset combining the input parameter
data settings with the image data of the weld joints. With the LSS prediction
followed by visual defect detection, this thesis provides a two-step inspection
process of the weld joint to mitigate the risk of any premature failure of the
weld joints. The results obtained from the experiment (given in Section 6.4) also
present a comparison against a benchmark dataset for surface defect detection.

2.6.2.2 Autoencoders

Autoencoders are generative models trained to reconstruct the input data (Yang
et al., 2015). The architecture of an autoencoder network consists of an encoder
module and a decoder module (Figure 2.6). That is, they are unsupervised learn-
ing algorithms with symmetrical structures. An autoencoder network is trained
to map an input to its output but is designed to be unable to generate a perfect
copy of the ‘real' input (Goodfellow et al., 2016). The encoder part compresses
input data into lower dimensional data with distinct informative content. The
decoder module then uses these extracted features to reconstruct the input data
(Maggipinto et al., 2018). The premise is that, upon completion of training, the
encoder module could be used as a powerful feature extractor. Autoencoders have
been widely used in detecting anomalies by training on normal data, and abnor-
mal inputs can be identi ed when the reconstruction error produced is higher
than that of the normal inputs (Gong et al., 2019).

Autoencoders were initially suggested as a novel way of modelling sensor data
so that representative synthetic data can overcome a lack of actual data (Goodfel-
low et al., 2016). A simple autoencoder consists of a feed-forward neural network
consisting of one input layer, a hidden code layer, and then the output layer
(Goodfellow et al., 2016). They are restricted to learning to approximate the
input so that the network can prioritise those features that should be copied to
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Figure 2.6: An Autoencoder block schematic diagram showing the Encoder mod-
ule, the decoder module, and the Bottleneck layer with reduced dimensionality

represent the input in a compressed state. Thus, they have often been used for
dimensionality reduction or feature learning, which can be attributed using Prin-
cipal Component Analysis (PCA) (Givnan et al., 2022). More recently, they have
been applied to sensor data modelling (TensorFlow, 2022). The autoencoders can
capture characteristics of the internal structure of the input data to regenerate
them at the output. The compressed information at the bottleneck layer is rebuilt
by the decoder using the loss function to update weight parameters, such as to
reduce reconstruction error (Tayecar et al., 2020). Deep autoencoders can learn
complex hierarchical features using their non-linear representational layers and
are becoming increasingly common for anomaly detection in various elds because
of the inclusion of a synthesised reconstruction step. Con dence in the process
is established through the measurement of reconstruction error. This metric is
used by Gong et al. (2019) to detect and label sensor input abnormalities and
thus increase detection rates.

The autoencoder used in this study is convolutional (i.e., a CAE). Convolu-
tional layers have long proven to be better feature extractors from images (Mag-
gipinto et al., 2018; Tagecar et al., 2020). The encoding is a process by which a
deterministic mapping relationship is established from the input to re-extract the
data using a speci ¢ encoding. The decoding process then converts the encoding
back into the input data with the minimal reconstruction error possible. Here,
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a CAE for encoded feature extraction is designed and trained. Dimensionality
reduction was also achieved by extracting the encoded features. The dimension of
the bottleneck layer for e ective feature encoding was experimentally determined.
The experiments used to determine the dimension of the code layer and the num-
ber of epochs for training the autoencoder are discussed in Sections 6.2.1.1 and
6.2.1.2. These extracted image features are then used to develop the multimodal
dataset. The autoencoder is primarily selected as one of the methods in this thesis
and is used to address the problem of limited data. Data augmentation techniques
were also used to generate su cient data to train the autoencoder. Traditional
methods of handling small datasets often struggle with data scarcity, leading to
poor generalization and high false positive rates (Ghamisi, 2023). Autoencoders,
however, do not require labelled defect data for training, making them particu-
larly e ective in scenarios with limited examples (Kemeter et al., 2024). Studies
have shown that autoencoders can achieve high accuracy in defect detection by
leveraging reconstruction errors to highlight anomalies (Radli, 2021).

Summary

This section has discussed the problem of USW quality prediction and defect
detection, as well as computer vision methods to address the problem. Methods
to tackle these problems are provided in Chapter 6, with results presented in
Section 6.4.2.

2.7 Incremental learning in defect detection for
manufacturing

Against the backdrop of data engineering challenges that arise in Cyber-Physical
Systems (CPS) and automated inspection systems within an Industry 4.0 set-
ting, there is an increased requirement for intelligent agents and processes that
can adapt and update dynamically in uncertain environments (Luo et al., 2020).
Several deep learning frameworks have been proposed in the incremental learning
literature as detection and/or classi cation steps within a process that are trained
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on independent and identically distributed (.i.d ) datasets, which use batch pro-
cessing of well-labelled data. This section will investigate incremental learning
methods for defect detection (please refer to Chapter 7).

2.7.1 Introduction

Deep learning models are often trained using standard backpropagation, where
the available training corpus is fed into a model in batches. This is not a favoured
approach in defect detection, where new defects can arise periodically in a man-
ufacturing setting. The problem is exacerbated if re-manufacturing is required.
In areas where data is available as a dynamic stream, the amount of data will in-
crementally grow, making the storage space insu cient. Network depth is an im-
portant factor when dynamically incrementally learning complex patterns. Deep,
parameter-rich models face the problem of slow convergence during the training
process (Sahoo et al., 2017). Still, data-driven real-time inspection methods pow-
ered by deep learning models have been shown to exhibit signi cantly improved
e ciency in manufacturing use cases (Han et al., 2023).

2.7.2 Background

The ideal concept of the Lifelong Learning cycle depicted in Figure 2.7 involves
process stages, including the steps for Incremental Learning algorithms. This
sequential learning system should maintain the high accuracy of the deployed
model-based detection system and update the system with new categories. In
this thesis, the author has considered analogous, subtly di erent incremental
learning variations such as lifelong supervised learning, continual learning, open-
world learning, and online continual learning to establish an overarching picture
of dynamic, incremental learning. Thecontinual process of intelligent adaptive
learning from dynamic data streams where new ‘teachable moments' arise non-
deterministically is of special interest in manufacturing since any new exception
data becoming available will need to be acted on and assigned, generally aperi-
odically. Such an assignment is a challenge at the core of all the aforementioned
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Figure 2.7: Visual cognition engine development process cycle using deep learning
integrated incremental learning completes the cycle oLifelong Learning (LL) .

dynamic learning paradigms. In particular, the focus here is on case study ex-
amples where new exceptions and categories are learned in real-time so that mit-
igation of the phenomenon that has been identi ed as "Catastrophic Forgetting'
(Chen and Liu, 2018; De Lange et al., 2021; Hasan and Roy-Chowdhury, 2015;
He, Mao, Shao and Zhu, 2020; Nenakhov et al., 2021; Thrun and Mitchell, 1995;
Wang et al., 2022) is considered.

Consider an ideal case, where for any Cla€s, whereC; is the iy instance of
that Class where learning takes place incrementally:

C = Cq1;CoCg Gy iy (2.1)

As equation 2.1 states, adding information continues incrementally until no new
information can be gathered. Catastrophic forgetting refers to the practical loss of
information that might occur due to model updates or retraining in the attempt

to add a new class to the existing model so that the size of the class window
C is constrained. In a situation where information from only then most recent
instances of the class is stored reliably, then any information about the class that
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Figure 2.8: A high-level block schematic representing the concept of incremental
learning from a continuous stream of data.

has been learned prior to this window might be lost. When a new class,, is
learned, the performance o€, 1 drops drastically.

In the context of incremental learning in the manufacturing process, the ad-
dition of a new class into a detection system reduces the accuracy in performance
for a previously learned class (Kemker et al., 2018). This concept of adding new
classes to an existing model from streaming data is schematically represented
in 2.8 In the case of Mobile phone defect detection, consider a detection model
trained on surface scratches on the phone screen. In the event of a new class
being presented to an already existing high-performing model, the process of ne-
tuning and updating the previously working model with the new class (cracks) is
adopted. This update in the class-window of the model-based detection system
further leads to a rapid reduction in the accuracy of detection of phone screen
scratches, the previously learned class. This is where the research for incremen-
tal learning is signi cant in a manufacturing use case. A deep learning model
deployed in a factory setting will be presented with new defect formats or types,
and the model needs to be equipped to learn the new classes incrementally and
maintain a high detection rate for all the class categories learned.

Window sizing within continual learning and the necessary size of the training
window for a speci c task have been considered by many authors (Rusu et al.,
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2016) and references therein. A strong consensus has emerged that the problem
of catastrophic forgetting needs mitigation measures (He et al., 2011). Lifelong
learning was proposed by Thrun et al. as early as 1995, where a robot agent
is desired to optimise di erent control policies for learning a new function and
new environment where functionality can be maximised over time (Thrun and
Mitchell, 1995). Classi cation attributes like knowledge bottleneck&here cate-
gories in o ine learning need to be pre-designedengineering bottlenecksvhere

su cient data on each category need to be collected andiew data collection
methodologiedike sensor systems, image acquisition systems and further con-
cerns about complexity and maintaining the precision of once developed robotic
systems, have all been considered. More recently, authors have considered how
decisions are orchestrated at the edge interface between a physical machine and
cloud infrastructure that might be deployed to support the process (Wu, 2020).

Knowledge Distillation and Replay-based methods were a feature of early case
study experiments in incremental learning. In knowledge distillation, learned
parameter values, referred to as "knowledge' parameters, are transferred from
one neural network model to a second neural network model by training the new
model on a transfer set, despite (or, indeed, overcoming) any di erences that may
exist in model architecture (Hinton et al., 2015). Many authors have considered
maintaining process knowledge when engaging in model order reduction.

Bucilia et al. (2006) has referred to the concept of Model Compression and
has introduced Knowledge distillation, which is now a proven method for trans-
ferring learned parameter data among deep learning models. Zhang et al. (2018)
observes that the transfer is made using class probabilities produced by larger
models as soft targets in the newer, smaller model, thereby achieving the general-
isation ability in the smaller model, which is otherwise harder to achieve through
training. Figure 2.9 illustrates that by adding incremental learning operations,

a process cycle without incremental learning can be converted into a lifelong
learning process cycle.

Model compression is a concept inherently di erent from model order reduc-
tion. Model compression refers to e ectively reducing the network size in memory,
leading to faster inference. This size reduction is achieved by a change in model
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Figure 2.9: The development of a visual cognition engine using deep learning
and the integration of incremental learning blocks to complete the lifelong learning
process for a model-based detection system.

guantisation, adjusting the oating point variables required for inference. Re-
dundant connections in an otherwise over-parameterised model can be pruned to
reduce the model size, but the number of hidden layers will remain the same.
Thus, model compression is di erent from the concept of model order reduction.
In incremental learning, model compression comes into context with the adapta-
tion of Knowledge Distillation as a method to alleviate catastrophic forgetting.
Replay-based methods are integrated as an e ort to alleviate Catastrophic
Forgetting by replaying the previously learned knowledge (Mittal et al., 2021).
One of the essential requirements for Replay methods is bu er memory to store
new exemplars of new classes/tasks to be learned. Castro et al. (2018) trained a
deep neural network with a cross-distilled loss function and approached incremen-
tal learning as a four-stage process. The rst stage is the preparation of training
data with representative samples, the second stage is the training process for
the selected model, the third stage is ne-tuning with a subset of the data, and
the fourth and nal stage is updating the representative memory with samples
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from the new class. This work is important in the current discussion of incre-
mental learning for the concept ofRepresentative Memorywhich performs two
signi cant operations: the selection of new samples and the removal of unused
samples. In a class incremental learning method, termed Incremental Learning
with Dual Memory (ILDM) (Belouadah and Popescu, 2019), a second memory
is introduced to store the statistics of prediction of previously learned classes to
reduce forgetting.

An End-to-End trainable Adaptive Expansion Network (E2-AEN) to dy-
namically generate lightweight modules called Adaptively Expandable Structures
(AES) for new tasks while maintaining accuracy for previously learned tasks has
been proposed by Cao et al. (2022). The proposed network also includes feature
adaptors, which play an essential role in acquiring new concepts and avoiding
task interference e ectively. The network structure is dynamically changeable
by an Adaptive Gate-based pruning strategy that reduces redundant parameters.
This method achieves accuracy with Pascal VOC (Everingham et al., 2010) and
COCO (Lin et al., 2014) datasets. Still, the network accuracy depends on the
backbone network's representation and the large dataset used in pre-training this
backbone framework.

Further, End-to-End architecture for class-incremental learning with knowl-
edge distillation in (Hao et al., 2019) used Faster-RCNN (Ren et al., 2015) as
the backbone and adapted it to incremental learning using domain expansion to
include newly added classes of objects and knowledge distillation to maintain the
accuracy of previously learned classes. The highest accuracy achieved by this
method is 72% on newly added classes. However, in previously learned classes,
the performance is still lower by more than 10% than the original, thereby indi-
cating the challenge of catastrophic forgetting and hence not feasible for real-time
deployment. Kwon et al. (2022) used incremental End-to-End learning for further
data collection closer to the data collected by the human individual in an attempt
to perform online learning in the autonomous driving domain. The method is re-
ported to achieve 70% accuracy in previously unseen data, but the discussion did
not include model architecture or any mitigation technique for loss of previously
learned information.
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To address the challenge of forgetting, Hou et al. (2019) have proposed a uni-
ed framework for classi cation problems where new and old classes are treated
uniformly. The average incremental learning accuracy increased by 6% and 13%
on CIFAR-100 (Krizhevsky et al., 2009) and ImageNet (Deng et al., 2009), respec-
tively. The work reduces the imbalance between old and new classes and proposes
a method to e ectively preserve previously learned information. Increasing the
type and number of newly learned classes within model-based incremental learn-
ing is a signi cant and central challenge that multiple authors have identi ed.
Data imbalance has been identi ed as an issue when a model is trained to distin-
guish between di erent types and numbers of classes. Wu, Chen, Wang, Ye, Liu,
Guo and Fu (2019) addressed this issue usingBaas Correction method, where
a diagnosis parameter is used to measure how a classi er is biased towards new
data. An optimisation is proposed to measure the bias parameters within a fully
labelled and connected layer of the classi cation model. The method is shown
to have achieved high accuracy when tested using the ImageNet (Deng et al.,
2009) and MS-Celeb-1M-10000 (Guo et al., 2016) datasets, but issues have been
shown to exist for examples where smaller class numbers are known to exist. The
problem of dataset imbalance requires particular attention when wishing to apply
incremental learning in inspection and is discussed in Section 2.7.3.

2.7.3 Treating Imbalanced Data During Inspection

When it comes to carrying out inspections, a myriad of Non-Destructive Evalua-
tion (NDE) methods have been reported. These can include, among other things,
material inspection or defect detection using techniques like ultrasonic inspection
or any computer vision techniques that do not cause damage to the component
under inspection (Medak et al., 2021). Apart from the increased e ciency in
defect detection, deep learning frameworks are not widely used in this domain
owing to the di culty of augmenting trained models, which require signi cant
retraining and redeployment. Medak et al. (2021) explains the reasons for this
as the ine ciency of existing methods to generalize well on new cases of defects,
necessitating the need for a reliable dynamic update methodology. Medak et al.
(2021) also observes that it is di cult to obtain a lot of training data from the

57



2. BACKGROUND & LITERATURE REVIEW

NDE domain, which is a requirement for deep learning. Nawaratne et al. (2019)
analyse the case of anomaly detection in video surveillance using spatiotemporal
auto-encoder networks to illustrate the di culties in the detection of previously
unknown anomalous behaviours, even to human operators. The limitations in
incremental learning methodologies challenge the complexities in detecting and
dynamic adaptations to new defect categories and further evolving behaviours.

Several studies have found that when considering traditional classi ers with
pre-de ned categories, machine learning algorithms showcase better performance
in classi cation even with imbalanced data, signi cantly simplifying the data
cleaning process and balancing (Kotsiantis et al., 2006). Data imbalance in de-
fect detection is a particular issue when the number of defective components
is low as a proportion of the overall batch size. To mitigate the risks due to
non-stationary imbalanced data streams, Chen and He (2011) proposed a Recur-
sive Ensemble Approach (REA) where they estimate the similarities between the
minority/defective class in previous and current batches. Traditional classi ers
were built on the assumption of equal/fair distribution of instances of all di erent
classes identi ed in the dataset (Kotsiantis et al., 2006). When this is not true
within a sample set, the question of corrective action or model updates becomes
more complex.

Various data sampling methods have been proposed to handle imbalanced
datasets by balancing the sample distributions for the classes under consideration
(He and Garcia, 2009). Such a balancing approach is di cult to achieve in real-
time, particularly when small batch-size windows exist. Under-sampling elimi-
nates random samples of majority classes to balance the class instances within
the dataset. Drawbacks with this approach are an increased risk of missing im-
portant instances or exceptions in the dataset. Random over-sampling has been
used to increase the occurrences of random minority instances. The engineer
can choose to control oversampling rates, particularly when increased or novel
failure classes are identi ed at the output layer. The Synthetic Minority Over-
sampling Technique (SMOTE) (Chawla et al., 2002) is a synthetic sampling data
generation technique where the kth-nearest neighbour of every minority sample
is calculated, followed by taking random samples according to the over-sampling
rate set by the Engineer. A new minority class can be generated by interpolating
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between the minority class instances and selected neighbours, particularly when
new defects are identi ed at the output layer. In synthetic sample data cleaning,

a Tomek-Link is proposed as an under-sampling method by Batista et al. (2004)
where Tomek-Link is denoted as the distance between the two samples under con-
sideration, using the methodology proposed by Tomek (1976). The Tomek-Link
method removes instances belonging to majority classes from the task window
until all minimally distanced pairs of nearest neighbour points belong to the same
class (Kotsiantis et al., 2006). Swana et al. (2022) propose an Al-tuned applica-
tion example that combines SMOTE and Tomek-Link to generate better results
on an imbalanced dataset for an inspection process.

Another way of dealing with imbalanced data is referred to in the literature
as cost-sensitive learningwhere each misclassi cation is assigned a cost within a
classi cation matrix. By setting diagonal matrix elements to zero, the e ect of
a misclassi cation error can be computed (Domingos, 1999). Boost algorithms
have been proposed as another type of classi cation cost sensitivity method,
where weights on misclassi cations are increased and decreases in the weights for
correctly classi ed examples are considered in each iteration. This has been shown
to improve classi cation performance, especially on rare inspection classes that
are more often misclassi ed due to imbalance (or bias) in the data. Ada-Boost and
Rare-Boost are further developments that add weights to misclassi ed samples;
rare-boost weights are the proportion by which false positives are distinguished
when measured against true-positive and true-negative samples.

To address the imbalance in text data for incremental learning, Jang et al.
(2020) have proposed a training architecture, sequentially targeting where the
entire training data corpus is divided into mutually exclusive partitions to balance
data distribution and adapting it to prede ned performance distribution targets.

A target distribution in this context is a distributional parameter setting where
the trained model is tuned to achieve the best learning outcome. In an imbalanced
setting, where there is no pre-de ned target distribution, all classes will be given
equal importance. The need for a pre-de ned target distribution for so-called
forced incremental learning has been observed to yield a model that gives better
performance while incrementally learning individual tasks than with a learning
process for multiple tasks taken together statically (Jang et al., 2020).
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Summary

This section has discussed the future scope of using incremental learning to dy-
namically update new classes of defects or objects to a trained and deployed
CV-DL model in a manufacturing environment without the risk of catastrophic
forgetting. Methods to tackle these problems are discussed in detail in Chapter 7,
with results presented in Section 7.5. Incremental learning has been implemented
in mobile phone defect detection by training the CV-DL model with three classes
and later retraining the model to add a new class. The results are presented
and discussed in Section 7.5. However, the results presented show signs of catas-
trophic forgetting, as discussed in Chapter 7, which provides a comprehensive
study of how to alleviate catastrophic forgetting while ensuring the retraining of
already deployed models when new classes are presented.

2.8 Closing remarks

The background of all the experiments is discussed in this chapter, presenting
available literature in the domain of defect detection using CV-DL methods. The
experiments address the overarching research question, "Can a robust CV-DL
defect detection system be developed using a limited target dataset and deployed
on edge?'. This overall research question is addressed in the four experiments
presented in this thesis, and this chapter covers the literature survey for all four
experiments conducted as part of this research. The experiments presented in
this thesis use the state-of-the-art detection models discussed in Section 2.2. The
CV-DL methodology approach proposed in Chapter 3 carefully curates the stages
necessary to e ectively utilise the above-mentioned state-of-the-art models to
perform robust detection in the manufacturing setting. This methodology can be
used as a guideline by any manufacturing setting to build their automated defect
detection system.

The rst research question answered in this thesis is RQ1: "Is deploying defect
detection models in a resource-constrained embedded environment feasible?'. The
ndings from Chapter 4 answer this research question and the background of this
experiment regarding the type of deep learning detection model chosen for the
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experiment and the benchmark values of accuracy and detection time for person
detection and facemask detection experiments are investigated in this literature
study in Sections 2.3 and 2.4.

The second research question addressed in this thesis is RQ2: "'Can deep
learning-based computer vision methods be used to detect defects in mobile phone
screens to improve remanufacturing outcomes?'. The chapter then delved into the
speci ¢ background of mobile phone screen defect detection in remanufacturing
in Section 2.5. This chapter discusses the background of remanufacturing and
grading of returned products in Section 2.5.2 and how deep learning-based defect
detection can help overcome the limitations of existing techniques in Section 2.5.3.
This section summarises that the newly collected and annotated dataset of full
phone screen images presented in this thesis is used to determine an overall grade
for the returned phone.

The chapter proceeds with a background study of USW defect detection in
Section 2.6. Section 2.6.1 motivates the problems of weld quality inspection
and provides a comprehensive survey of existing deep learning techniques for
weld defect detection in Section 2.6.2.1. The section provides the background to
develop the experiments to answer the research question RQ3: "Can a Computer
Vision-Deep Learning model be developed using a limited number of images to
detect weld defects and combined with other input data to predict ultrasonic weld
strength?' and how the solutions provided in this thesis address the limitations
in the existing literature.

The background supporting the need for incremental learning in manufac-
turing is discussed in detail in Section 2.7, and its early research attempts are
discussed in Section 2.7.2. This chapter also introduced and motivated the use of
incremental learning methods for Industry 4.0, which is surveyed in more detail
in Chapter 7. The ndings from this chapter are framed as a future research
direction to answer the research question, RQ4: °Is incremental learning in the
context of defect detection in manufacturing a valid research direction for the
future?'. The challenge of imbalance in data for incremental learning is discussed
in Section 2.7.3.

The next chapter proposes a carefully curated CV-DL methodology approach
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to develop a defect detection system and to e ectively address the research ques-
tions formulated in this thesis.
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Chapter 3

Methodology for the deployment
of CV-DL solutions in smart

manufacturing

This chapter introduces the methodology for CV-DL model development in a
Smart Manufacturing Environment. Although the overall process ow of devel-
opment remains the same, the individual experiments discussed in Chapters 5
and 6 use a revised process ow to accommodate the challenges faced during the
course of the experiments. This chapter also sheds light on the common data
availability challenges faced while developing CV-DL models for Smart Manufac-
turing.

3.1 The Smart Manufacturing Paradigm

The manufacturing industry has come a long way, from the Ford Assembly line
in the 1900s to cloud manufacturing in the 2010s. Technology has advanced
such that manufacturing can now take advantage of the Internet of Things and
Data Science, which is why Germany introduced Industry 4.0 in 2010 (Yu and
Schweisfurth, 2020), which further evolved into a collaborative e ort from the Eu-
ropean Union countries (Schroeder, 2016). The smart manufacturing leadership
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coalition in the U.S. created a smart manufacturing implementation framework
in 2011 (Davis et al., 2012), and China introduced "China Manufacturing 2025
in 2015 to promote advanced manufacturing (Wang et al.,, 2018). The use of
advanced data analytics to complement physical science to improve the level of
automation and system quality is referred to as smart manufacturing (Nagorny
et al., 2017; Tao, Qi, Liu and Kusiak, 2018). The improvement due to the use
of smart manufacturing can be found in 82% companies that have improved e -
ciency and 42% companies that have increased customer satisfaction (Wang et al.,
2018).

The fourth phase of the Industrial Revolution, Industry 4.0, emerged with
the fusion of physical and cyber technologies in industrial production through
CPS (Wang et al., 2018; Zheng et al., 2018). Disruptive technologies such as the
Internet of Things (l1oT) (Al-Salman and Salih, 2019; Atzori et al., 2010), big data
(Alacer and Cruz-Machado, 2019; Nagorny et al., 2017), and Al (Jan et al., 2023)
have made widespread use of cyber-physical systems possible in manufacturing
environments to make them smart and dynamic. Sensors mounted on production
equipment enabled them to communicate and share data, making real-time data
available for dynamic decision-making. Large volumes of unprecedented data are
turned into actionable and insightful information using advanced data analytics
and data-driven intelligence models. Figure 3.1 depicts the functionalities and
processes that bene t from data-driven decisions. Complex multivariate nonlinear
relationships among data are modelled using data-driven intelligence. Machine
learning and deep learning solutions are achieved using model-based algorithms,
where deep learning is characterised by using arti cial neural networks to develop
the model.

The concept of cyber manufacturing evolved from e-manufacturing (Lee et al.,
2016), which enabled tether-free connection and communication of equipment
using loT devices and sensors to integrate functional objectives and predictive
technologies. Thus, cybersecurity is another signi cant barrier to overcome in
developing robust and resilient cyber systems in a cloud-connected manufacturing
environment (Lee et al., 2016).

Cyber-physical systems transformed factories into digital, information-led, in-
telligent and sustainable (Rauch and Vickery, 2020). The widespread application
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Figure 3.1: The role of data-driven intelligence in smart manufacturing adapted
from (Wang et al., 2018).

of CPS in manufacturing, coupled with the connectivity of products, machines,
and the environment, led to the new manufacturing paradigm associated with the
Fourth Industrial Revolution(Industry 4.0), as “Smart Manufacturing' (commonly
referred to as Industry 4.0 - Smart Manufacturing)

Industry 4.0 is based on methodologies and techniques for recon gurable
and collaborative decision-making mechanisms, focusing on process optimization,
guality inspection and improvement, cost reduction, and high product customiza-
tion (Khdoudi et al., 2024; Rauch and Vickery, 2020). To remain competitive and
potentially bene t from Industry 4.0 strategies, the industries were forced to in-
troduce, design and implement the concepts of smart manufacturing systems. An
Industrial Revolution is considered successful when it is implemented across large,
medium and small enterprises (Sommer, 2015). The industrial environment has
undergone radical change in its attempt to implement Industry 4.0 methods and
technologies. Rauch and Vickery (2020) observe that small and medium-sized
enterprises struggled the most in implementing smart manufacturing techniques.
Kusiak (2017) argued that most companies did not know how to use their sensors'
big data and interpret any useful information available from processing this data.
For small and medium enterprises, large volumes of data cost more to store, yet
data over a longer duration is best suited for modelling.

Lee et al. (2018) categorizes the key elements in Industrial Al as "ABCDE'
explained as follows:
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" A Analytics technology. Analytics involves evaluating processed data to
gain insights into the dynamic functioning of the production equipment.

B: Big Data. This is the unprocessed, large volume of data generated
by the sensors and IoT devices in the factory environment, the source of
information that is later processed into usable knowledge.

C: Cyber technology/ Cyber manufacturing is the concept that involves
translating data from the manufacturing environment to predictive oper-
ations to enhance performance (Lee et al., 2016). Cyber manufacturing
utilizes big data and analytics to expedite the decision-making process.
(Figure 1.1 illustrates the interaction of elements in the cyber manufactur-
ing systems.)

D: Domain know-how is the key element in tailoring the right Al-based

solutions for the manufacturing problem addressed. Understanding the
problem, the system for optimal data collection and curation, and the pa-
rameters' correlation and e ect on the manufacturing system.

E: Evidence is the element in validating the Industrial models and ne-
tuning the Al models for increased robustness.

Industry 4.0 promotes advanced production strategies with a heavy focus on
exible production, a production system that can react dynamically and cost-
e ectively to changing market needs (Jepsen et al., 2021). Among the key ele-
ments mentioned above, the focus points in this research are the analytics tech-
nology and domain know-how. Analytics involves the process stages of gaining
insights about equipment functioning from the data collected (Lee et al., 2020).
Domain know-how involves investigating the problem to develop the right Al-
based solutions (Ahmed et al., 2022). Miller et al. (2024) observes that the con-
uence of Al with domain knowledge is as essential as it is bene cial. A cell-based
production line satis es the requirements of dynamic exibility when implement-
ing smart manufacturing techniques. Figure 3.2 illustrates the concept of cell-
based manufacturing using cyber-physical systems. In a cell-based manufacturing
environment, all elements in the cell, including robotic arms and machinery, are
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Figure 3.2: Cell-based manufacturing process using CPS illustrated (Jepsen et al.,
2021)

equipped with sensors and actuators to coordinate work processes. In smart
manufacturing, machines are monitored by sensors, fully connected through the
wireless network, and controlled by improved computational intelligence.

Al has evolved over time and has become a fundamental way to possess intel-
ligence in the industrial domain (Lee et al., 2018). Some of the main application
areas in smart manufacturing are:

Product Quality Inspection: Deep Learning computer vision applications of
detection and segmentation are used in locating defects in a manufactured com-
ponent. Traditional detection algorithms require feature extraction and feature
engineering to detect surface defects in the component. Pre-trained models in
the advanced deep learning library are an added advantage as they enable the
development of accurate detection systems with small-scale datasets (Wang et al.,
2018).

Process Prediction and Defect PrognosisManufacturing systems must with-
stand vibrations, overheating, corrosion and wear. This can, in turn, be analysed
from sensor data transmitted by these machines. Temporal analysis of this sensor-
based data can be used to predict unlikely events of machine failure or defects
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in the manufacturing process caused by wear. Adversarial networks, deep learn-
ing and transfer learning are among the advanced Al methods used to conduct
diagnostics and predictive maintenance in the production process (Ding et al.,

2020).

This thesis (as discussed in Section 1.1) will focus on edge intelligence for
smart manufacturing, particularly in the area of product quality inspection for
defect detection. In this section, we have discussed how Al has been an enabling
technology in this eld. Still, some considerations must be taken into account
when deploying Al in a manufacturing setting:

" Modular operation of the intelligence at the edge o ers the exibility to
work in cell-based production lines (Mo et al., 2023).

" Industry 4.0 remains a cost-sensitive area, and low-cost solutions are always
sought (Papageorgiou et al., 2021).

However, it is advantageous that Al o ers signi cant opportunities for defect
detection (Papageorgiou et al., 2021). To meet these criteria, this thesis proposes
a solution based on the Raspberry Pi 4 as a proxy for an embedded Industry 4.0
system.

3.2 Edge Computing

Edge computing refers to storage, computing and optimization at the edge of
networks (Ullah et al., 2018). Due to the rise of IoT sensors and wearables, a huge
amount of raw data with di erent requirements became available. Several groups
proposed edge computing as an abstraction-level paradigm that can overcome
di erent, related aspects. Since cloud computing (CC) and Edge computing have
a strong correlation, the cloud computing paradigm cannot be avoided completely.
The evolution of the cloud system saw most functionalities being pushed to
the centralized clouds. Though physical distance is known to increase latency,
the virtualisation process enriched the resource platform (McCann et al., 2018).
Other factors that a ect performance are tra c type, network condition, and
end-user interests and preferences. Edge computing was proposed to address
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these challenges (Ullah et al., 2018). In Edge computing, the computing power
is pushed to the Edge of the network but not into the centralized cloud. Data
analytics takes place closer to the devices and sensors. Every loT deployment has
to look into each factor a ecting performance to optimize the solution to meet
user requirements. Multiple extensions to the 10T topology provide dierent
capabilities to the 10T solution. McCann et al. (2018) divides them into seven:
Edge Computing, Mobile Edge Computing, Fog Computing, Core Computing,
Edge Cloud, Mist Computing and Cloudlet.

A

Edge Computing devices undertake local processing such as data com-
pression, inference from model-based systems, connectivity to TCP/IP via
IP Networks, WiFi or Radio Access Networks (RAN), interfacing to indus-
trial connectivity protocols, and provide security and data encryption.

Mobile Edge Computing  devices are located on new mobile base stations
for localised storage, computing and connectivity for mobile users. This
ensures low latency and high bandwidth.

Fog Computing is an emergent architecture that is closer to end users
along the cloud-to-things continuum. Introduced by Cisco in 2012, fog
computing is often described as the ‘cloud close to the ground' (Bonomi
et al., 2012).

Core Computing devices provide localised data centre capability that
allows for large-scale computing and storage within the geographical prox-
imity of the edge devices.

" Edge Cloud is a linear extension to the traditional cloud that utilises
nearby computational devices to handle application requests. Hence, ac-
quiring, storing, communicating and processing information will be moved
from the central cloud to the collection of 10T devices, forming the Edge
cloud (Jang et al., 2017).

Mist Computing components can interact with client devices that are
also on the edge of the network (Vasconcelos et al., 2019). Mist computing
acknowledges that the devices should only deliver requested information
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through the provider model when it is requested over an adaptive and dy-
namic network infrastructure (McCann et al., 2018).

~ Cloudlet is de ned as the middle tier between mobile devices and the cloud,
with the main aim of reducing latency by handling local queries closer to
the mobile user.

3.2.1 Edge Computing Device for Embedded Al

Though cloud computing is centralized, it is not compatible with the diverse types
of tra c generated by di erent Edge devices. Hence, Edge computing becomes
necessary. Edge computing provides storage, caching, and computation capabili-
ties with reduced end-to-end latency for the end users. Edge computing does not
require deployment in the core and removes cloud dependency, which makes it a
standalone working system in areas of limited cloud/network accessibility (Ullah
et al., 2018).

Smart manufacturing systems, along with smart grids, vehicle-to-vehicle com-
munications, drone ight control, and Augmented Reality/Virtual Reality (AR-

VR) gaming applications, are industrial 10T (lloT) applications that require la-
tency to be less than a few milliseconds (Ullah et al., 2018). IoT devices, by
nature, are resource-constrained and will not be able to ful | their computing
needs using their own resources. This makes it a requirement to o oad their
computing needs to a cloud infrastructure, which in turn requires high network
bandwidth and complex protocols. The increased number of devices also creates
security challenges, such as updating security credentials. Thus, Edge computing
is an e ective way to overcome these limitations by providing computing, stor-
age, control and networking functions closer to the end-user as opposed to the
cloud-only model (Awouda et al., 2019; Ullah et al., 2018).

In edge computing, data analytics happen on the edge device, close to the
sensors. Numerous use cases have been listed in the literature where edge com-
puting is e ectively used. Cognitive Assistance (Ullah et al., 2018), Body Area
Networks (BANs) (Ullah et al., 2018), hostile environments such as war scenes
(Layton, 2021; Satyanarayanan et al., 2013), language processing (Achanta et al.,
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2012), smart grid networks (Ullah et al., 2017), spatially dispersed wireless sen-
sor networks (Yaseen et al., 2016), IoT, AR and VR applications (Grubert et al.,
2016), smart tra c lights, and connected vehicles (Grubert et al., 2016) are a few
of the application use cases in the literature. Raspberry Pi 4 is used here as a
proxy for an edge computing solution in the smart manufacturing use case.

For defect detection in smart manufacturing, embedded edge systems are typ-
ically necessary, as connectivity to a local ethernet or cloud infrastructure might
not be available, unnecessary, or too slow. That is, connectivity could bottleneck
throughput in the case of the use of cloud intelligence.

In this research, the Raspberry Pi 4 is used as a proxy for a more specialised
Industry 4.0 embedded system (Domes et al., 2018). However, the characteristics
of the Raspberry Pi 4, such as its small price, small size, high availability on
the market, and wide range of communication capabilities, mean that it could be
deployed as an edge computing device in smart manufacturing (i.e., potentially
not just as a proxy). The Raspberry Pi is the most popular single-board computer
(Jolles, 2021), with 45 million units sold since 2012, with online support (via
the ‘raspberrypi.org/forums’, used by more than 300k users). The Raspberry Pi
comes in various models; the Raspberry Pi 4 used in this research is the 4th
generation (Matsuda et al., 2024).

Edge computing directs computing processes, services and applications to the
network's edge, closer to the data source (Fortoul-Diaz et al., 2023; Khan et al.,
2019). This helps in reducing data tra ¢ between the source and the cloud, which
is critical for high throughput defect detection. It is characterised by ultra-low
latency, proximity to users, and real-time access to network information (Khan
et al.,, 2019). Edge computing implementations include devices that run open-
source software and services, such as Raspberry Pi, Jetson Nano, Nano Pi, etc.
(Fortoul-Diaz et al., 2023). A comparison of some of the most prominent edge
computing development kits, Raspberry Pi 4, Google Coral dev Board, Google
Coral dev Board mini, HummingBoard Pro, Jetson Nano and ESP32, is given in
Table 3.1. This table is adapted from (Garcia-Perez et al., 2023) and updated with
more data from the literature. The key features that support using the Raspberry
Pi 4 are the GPU availability (for Al inference), the power of the CPU, and the
RAM. Additionally, the ease of use, the extremely strong community support, and
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Table 3.1:

Comparison of Development Boards. Adapted from (Garcia-Perez
et al., 2023) with updates.

Google Coral
Raspberry Pi Google Coral oogle Lora HummingBoard
Feature Dev Board Jetson Nano ESP32
4 Model B Dev Board - Pro
Mini
Broadcom . NXP i.MX 8M MediaTek NXP i MX6 Four Cortex- Xtensa duaI.-
BCM2711 with SOC (Cortex- 8167s SoC Cortex-A9 (1 to A57  MPCore core 32-bit
CPU four  Cortex- A53 quad-core, | (Cortex-A35 LX6 micropro-
4 cores) (ARM cores (ARM
A72 cores | Cortex-M4F) guad-core) 32-bit) 64-bit) cessor (160 or
(ARM 64-hit) (ARM 64-hit) (ARM 64-hit) 240 MHz)
Clock Fre- | 1.5GHz 1.5 GHz 1.5 GHz 1 GHz 1.43 GHz glﬁ or 024
quency
Integrated ) 128-core
Broadcom . IMG PowerVR Vivante
GPU VideoCore vi | €700 Lte | rasn0 GessoiGezo00 | NVIPIA Integrated
Graphics Maxwell
Up to 8 GB
RAM LPDDR4 4 GB LPDDR4 2 GB LPDDR3 2 GB DDR3 4 GB LPDDR4 520 KB SRAM
MicroSD card 8 GB eMMC 8 GB eMMC MicroSD  card MicroSD card
External External Flash
port Flash Flash port port
Memory
Google Edge | Google Edge
TPU No TPU accelera- | TPU accelera- | No No No
tor tor
Approx. $115 $160 $100 $280 $220 Varies
Price
. Google Coral .
Raspberry Pi 4 | Google Coral 9 HummingBoard
URL Dev Board Jetson Nano ESP32
Model B Dev Board Mini Pro

its ready availability are important considerations in support of the Raspberry
Pi4l

This thesis investigates and proposes a comprehensive methodology for im-
plementing Al (computer vision)|based solutions for defect detection in smart
manufacturing, which can be deployed on Raspberry Pi 4. In the experiments,
a Raspberry Pi 4 with 4GB RAM and a total memory of 32GB was used. The
Raspberry Pi 4 runs a Raspbian Buster 10 OS and can be connected to a display
device using a High-De nition Multimedia Interface (HDMI) port.

Developing a low-power, low-cost system based on the Raspberry Pi 4 requires
a rigorous methodology to be followed. There was a need for a uni ed methodol-
ogy for CV-DL algorithm development, which ensures the development of robust
real-time detection systems, addressing the probable challenges. This method-
ology can be better used to keep an adequate check on the pressure points of

1The Raspberry Pi series was updated after the hardware decision in this project. The
latest in the series is the Raspberry Pi 5, which includes great RAM and a more powerful GPU
(Mathe et al., 2024).
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dataset development (such as balanced dataset, data analysis and instance selec-
tion) deep-learning model training and deployment on edge computing devices.

3.3 Proposed methodology

This section proposes the CV-DL methodology approach for defect detection,
tailored for smart manufacturing. The methodology is formulated from the ex-
tensive scienti c literature and background works (Chapter 2) investigated during
the course of each experiment. The processes involved are broadly categorised
as fault detection, data collection, data analysis, deep learning model training
and deployment on the edge. This methodology is drawn from stable, robust
deep learning systems developed for industrial manufacturing applications (Br-
zozowska et al., 2023; Jiang et al., 2024; Rawat, 2023; Studer et al., 2021). Con-
nolly et al. (2024) used a similar approach to develop a deep learning-based
defect detection system for the visual inspection of aircraft. Moro and Sardesai
(2019) used the CRoss-Industry Standard Process (CRISP) model for analysis
and incorporated new ndings from the standardized implementation of Machine
Learning methods (Wirth and Hipp, 2000). Figure 3.3 lists the phases in the
CRoss-Industry Standard Process for Data Mining (CRISP-DM) methodology
approach. The CRISP-DM authors analysed di erent industries to identify com-
monalities and transfer solution approaches between industries. CRISP-DM was
originally proposed as a comprehensive process model for data mining (Wirth and
Hipp, 2000). The phases of data mining as outlined in the CRISP-DM process
model include Business Understanding, Data Understanding, Data Preparation,
Modeling, Evaluation and Deployment (Wirth and Hipp, 2000).

The CRISP-DM approach inspires the CV-DL methodology proposed here,
yet it diers in a few stages. Considering the CV-DL use case, stage four in
CRISP-DM, solution modelling, is approached di erently, as the solution is pre-
determined to be deep learning-based. The state-of-the-art deep learning model
that best ts the task is identi ed and trained using the prepared, labelled data.
The CV-DL also diers from CRISP-DM in that the training and evaluation
stages typically go hand-in-hand, not separately. The trained model is evaluated
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Figure 3.3: The Overview of the original CRISP-DM tasks and their outputs as
adapted from (Wirth and Hipp, 2000)

based on the training and validation accuracy values obtained and the inference
time.

The CV-DL methodology approach is dierent from the core CRISP-DM
(Wirth and Hipp, 2000) methodology in two aspects. In the CRISP-DM method-
ology, stage four is solution modelling. In CV-DL, the solution will be selected
from the SOTA computer vision deep learning models and trained for the required
task using the data collected. In the case of the detection task, a suitable model
is selected, and then the process stage can proceed to the next phase of training.
The second aspect where the CV-DL methodology is di erent from CRISP-DM
is that, in CRISP-DM, the evaluation step in stage ve is separate from the stage
four solution modelling stage. In the CV-DL methodology approach, Data Train-
ing (Stage 4) completes both training and evaluation, as they are elements of the
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same process.

The CRISP-DM is a de facto standard in data mining projects, but it is also an
industry-independent model (Schmer et al., 2021). Skarpathiotaki and Psannis
(2022) proposed a methodology approach based on CRISP-DM for data analyt-
ics. Rawat (2023) used CRISP-DM-based methodology to develop a Machine
Learning solution to develop a classi er to identify loan defaulters. Studer et al.
(2021) expanded on the CRISP-DM methodology to propose a process model for
Machine Learning Quality assurance (CRISP-ML(Q)). This process model en-
sures that the machine learning application acquires and maintains the expected
quality throughout the development process. Hence, the generic model can be
adapted and used to develop a data-driven, factory-focused CV-DL methodology
approach.

Figure 3.4 depicts the proposed stages in developing a factory-focused CV-
DL model for deployment on a resource-constrained device. The Fault Detection
stage in the CV-DL methodology can be mapped from the Business Understand-
ing phase in the CRISP-DM methodology. The principal aspects of data engi-
neering and dataset building are grouped into the Data Collection phase. From
the collected data, details of processes, including the dependency of input pa-
rameters on the nal product causes and extent of defect, are analysed by expert
operators in the Data Analysis phase. This information is used for data anno-
tation and mapped to determine the detection and downstream tasks. Once the
dataset is annotated and ready for deep learning training, the next step is Data
Training. Multiple suitable CV-DL models are selected for training experiments.
The training of the models is optimised by hyperparameter tuning for best ac-
curacy and high precision and recall rates. The proceeding phase, Deployment
on Edge, deals with extracting the inference graph and integrating the inference
map into the edge device of choice. Defect detection model inference, grading

applications, and further downstream tasks are addressed on the factory oor.
Properly curated data is the most signi cant component of a deep learning

model. The performance and accuracy of the trained model on any new data
instance depend on the quality and quantity of data used in training. As dis-
cussed before in Section 2.7, the deep learning model expects the data to be

75



3. METHODOLOGY FOR THE DEPLOYMENT OF CV-DL
SOLUTIONS IN SMART MANUFACTURING

Figure 3.4: Proposed Factory-Focused Computer Vision - Deep Learning (CV-
DL) methodology for defect detection using deep learning

(i.i.d) , which means there will be an equal number of representative sample in-
stances in the dataset, independent of one another. This is not an easy target in
manufacturing, especially in defect detection, where the number of good-quality
samples easily outhnumbers the defective ones, inevitably resulting in an imbal-
anced dataset. For every problem addressed in the constitutive chapters, the
overarching research question encountered in this thesis is, \Can a robust CV-DL
defect detection system be developed using a limited target dataset and deployed
on edge?". This Research Question, given in Section 1.1, is further broken down
into four research questions that align with the experiments presented in this
thesis. The data Engineering needed for the process is assessed based on avail-
ability, leading to situations like constrained Data availability. For example, in

the mobile phone defect detection experiment discussed in Chapter 5, the area
covered in image samples in the initial set of experiments was insu cient to ad-
dress the grading of mobile phone screens. Hence, a second round of image data
collection was required to acquire the required data sample covering the entire
phone screen. The dataset obtained was extremely limited for any deep learning
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training in the USW defect detection experiment, as discussed in Chapter 6. In
this situation, o ine and online data augmentation addressed the limited data
availability problem.

The process ow in Figure 3.4 represents the steps to develop the CV-DL
methodology for defect detection in Smart Manufacturing settings. This is a
generic representation of the base methodology. However, for each speci ¢ prob-
lem, minor revisions in the CV-DL methodology are adopted to achieve robust
performance.

The following list explains the dataset's signi cance for CV-DL methodology
development. A balanced, benchmark dataset for defect detection in a manufac-
turing setting is rare. Below are the di erent types of dataset considerations and
the actions on datasets encountered during this research study.

1. With benchmark dataset : Experiments to nd the best-performing
model, the type of quantization that gives the best performance when used
in the Raspberry Pi 4 environment, and a comparison of Raspberry Pi 4 de-
tection with GPU accelerated device is conducted. Stages of data training
and deployment on edge are experimented with in Section 4.4.

2. Building Hybrid Dataset : Fusing available datasets with the most re-
cently available data to create a hybrid dataset for the best problem rep-
resentation. A balanced dataset was built for best detection in real-time.
Data collection, data training and edge deployment stages are experimented
with in Section 4.5.

3. Restricted dataset : With multi-modal data being available, data fusion
is applied to utilise the available dataset for prediction. A CNN-based
autoencoder was designed to encode image data, and data augmentation
was used to generate data. Data augmentation and data training with
limited data are experimented with the problem of weld defect detection in
Chapter 6. The results are compared against the publicly available surface
defect detection dataset for validation.

4. Data collection and dataset building  : De ning the problem, parame-
terisation of data, multiple stages of data collection to address concept drift
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and creating a dataset for DL model for defect detection and grading appli-
cations. Fault detection, data collection, analysis, training, and deployment
are experimented with in Chapter 5.

The deployed model will su er a reduction in accuracy when new objects of
interest or defects come to light. Hence, incremental learning is an important as-
pect of any real-time deep learning model-based detection system. The research
in incremental learning is evaluated in the literature review section of this the-
sis (2.7). The addition of incremental learning leads the way to a self-healing
system, maintaining the detection system's accuracy at a su ciently high value
acceptable to the production standards. The mobile phone defect detection dis-
cussed in Chapter 5 represents the re-manufacturing setting, where the product
throughput needs to be greater than the manufacturing section. The refurbished
product is often sold at a lower price than a brand-new device. Also, incremental
learning is extremely important because the devices reaching recycling facilities
are immensely variable compared to the equipment in a mass production line,
where the latter will be uniform depending on the production process. Incremen-
tal learning needs to be implemented into the real-time environment for continued
use of deep learning in a production environment. Balanced datasets for defect
detection are very rare in a manufacturing setting. The selection of exemplars
to build a balanced dataset from sequential data in the occurrence of new de-
fects/products is an important requirement in incremental learning. Incremental
learning has been investigated as the future research direction in Chapter 7.

3.4 Challenges in Development of CV for Man-
ufacturing

3.4.1 Constrained data availability

Data Collection, Analysis, and Training are important blocks of data handling in
the process ow. The following are four important aspects of data handling to
be considered, as well as inferences drawn during the experiments conducted as
part of this study.
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Figure 3.5: The Image on the left shows a phone screen defect not detectable due
to insu cient illumination. The image on the right shows the re ection of a light
source on the phone screen.

Data Analysis and Instance Selection

The correct choice of DL algorithm in any Machine Learning deployment is
one of the key challenges in any Industry 4.0 case study example. Despite
the plentiful research and development in this domain, Al systems are yet far
from general-level human intelligence. This brings us to the point that even
though visual cognition systems with high accuracy (with accuracy typically
measured using Mean Average Precision (mAP)) are good at generalization,
they can generalize and perform well only on a subset of possible images
similar to the ones they are trained on. mAP50 is the mAP calculated at
an loU threshold of 0.50. This is used to measure the detection model's
accuracy (Ali and Zhang, 2024; Mendes-Neves et al., 2023). Mendes-Neves
et al. (2023) suggests mAP as a metric that gives better inference on the
imbalanced datasets. Hence, any random photograph on the smartphone
does not qualify as a valuable data instance in a visual cognition system
speci cally designed for a detection task in a manufacturing setting.

In any use case, the data instances must be carefully selected/curated to
adequately represent the set of input images and variations the model will
likely encounter in a real-time deployment. In the person detection study
in Section 4.4, the dataset available was a benchmark dataset with the ob-
ject of interest "person' presented in multiple backgrounds, overlaps and
illuminations. The face mask dataset in Section 4.5 was a hybrid dataset,
carefully including real-world face mask images of surgical face masks, fab-
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ric face masks (single colour and multi-colour with pattern) and N95 res-
pirator masks. In mobile phone defect detection and grading, discussed in
Chapter 5, the challenge in data collection was illumination and re ectiv-
ity. The mobile phone screen required a suitable level of illumination and
magni cation, but the light source caused re ections on the screen. During
data collection, an appropriate illumination level without re ectivity was
achieved using di used lighting from an external source. Figure 3.5 shows
two examples of un tting data instances.

. Imbalance within a dataset

In a manufacturing setting where sequential data is streamed from sen-
sors, there are cases of over-sampling or under-sampling, time gaps in data
recording, and data time stamp di erences due to discrepancies in data
upload, to name a few challenges in real-time data collection. Concerning
visual data acquisition, increased demand for data storage infrastructure,
lighting of the target, and variation of lighting over the length of the day
are known factors a ecting data collection. For a balanced dataset, ideally,
image data collected from all light conditions should be available to build a
dataset to train a model that works fail-proof, irrespective of the light condi-
tions. Appropriate pre-processing steps are also required to ensure reduced
hindrance to detection systems due to changes in lighting conditions.

From the experiments conducted in this thesis, a correlation between the
number of classes to be detected and the number of images in the dataset has
been analysed. Figure 3.6 shows the variation in dataset size proportional
to class number in the experiments conducted in this thesis. As the number
of classes increases, the number of representative image instances increases
in a balanced dataset, expanding the size of the dataset. The analysis from
this study shows that dataset size can vary proportionally to the number
of objects of interest for feasible detection systems (Cnar et al., 2020). For
example, Soekhoe et al. (2016) observes that their model can generalize on
smaller target datasets of sizec 1000 images using transfer learning and
freezing the rst two to three layers on the AlexNet (Krizhevsky et al.,
2012) model.
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Figure 3.6: Graph for comparison of dataset size in relation to the number of
classes in detection experiment.

Annotating instances in the dataset

Rapid development and demand for deep learning models in research and
production facilities have placed large-scale datasets at the centre of deep
learning model training and evaluation for transfer-learning-based research.
The pre-trained models were then ne-tuned using problem-speci ¢ small-
scale datasets, often collected and curated by operators at the manufac-
turing facility. Labelling image instances in a dataset is completed using
software but is heavily dependent on human annotators. Every object oc-
currence in the image instance should be annotated precisely to obtain a
well-annotated dataset, which is the key ingredient for robust detection
(Agnew et al., 2023). The most widely used software includeabellmg
(Tzutalin, 2015), Labelme (Wada, n.d.) and VGG-Annotator (Dutta and
Zisserman, 2019). Subsequent to the universal use of pre-trained models,
the deep learning models need to be labelled using the type of annotation
used by the pre-training dataset. The datasets used for pre-training are
benchmark datasets with millions of images segregated into 1000+ classes.
ImageNet (Deng et al., 2009), Pascal VOC (Everingham et al., 2010), and
Microsoft COCO (Lin et al., 2014) are some of the widely used datasets for
pre-training models for object detection tasks. A detailed analysis of at-
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tributes of the benchmark datasets is given in Table 7.7 in Section 7.6. The
data annotation for Section 4.5 and Chapter 6 is completed usingbellmg
In Chapter 5, Labelmehas been used to label the images.

Data collection, annotation and documentation have come under increased
scrutiny in recent years, including legal and ethical uses of data in face
recognition algorithms. Annotators contribute unintended bias and subjec-
tive values to the process of Dataset Annotation. Increased dependency on
crowd-work platforms also increases the risk of subjectivity in dataset anno-
tation, especially when the operators are interchangeable (Paullada et al.,
2021).

Building a dataset

Data collection, data analysis, instance selection, annotation, and documen-
tation are important phases in dataset creation, integral to a highly e cient
visual cognition engine development. In Figure 3.4, the immediate steps
are data collection and data analysis once the fault is detected. The col-
lected images must be curated, resized, pre-processed if needed and nally
labelled while building a dataset. In the case of an existing defect detection
system, images of new defects will be collected to curate the dataset for
incremental learning to maintain high detection accuracy.

Further to these steps, the samples in the images should be identically dis-
tributed and balanced, as an imbalanced dataset leads to skewed models
upon training. Sequential temporal data generated from the image acquisi-
tion devices are assessed in situ to extract exemplars to facilitate incremen-
tal learning and to update new products or types of defects that arise in the
manufacturing setting. The need for rigorous update and self-healing sys-
tems indicates the signi cance of online or incremental learning. The image
data instances, in this case, need to be labelled either by a human operator
or automatically labelled using appropriate software. The human operator
in this scenario can also be called human-in-the-loop-machine learning since
the end e ect in this setting is a machine-learning process (Mosqueira-Rey
et al., 2023). Stage 4 in the process ow Figure 3.MData Training and De-
ploying on Edgeprovides an insight into the underlying processes involved.
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For the development of a deep learning model-based detection system, pre-
designed categories of data are collected over a period of time. This brings back
the question we discussed above: "How many images are required to develop a vi-
sual cognition engine using Deep Learning?'. A labelled benchmark dataset with
appropriate representative samples for a balanced dataset pertaining to solving
the problem at hand is a limited resource in an industrial manufacturing setting.
As explained in Figure 3.4, this research study critically analyses the process
stages involved in visual cognition engine development. This is also discussed in
Section 1.1.

Autoencoder networks have been extensively used in defect detection due to
their unsupervised feature learning capability (Qian et al., 2022). Image analy-
sis is employed to highlight required objects/locations in the image captured to
help achieve higher accuracy in detection and segmentation applications (Zhao
et al., 2019). CNN-based AutoEncoder is used in Chapter 6 to predict weld
joint strength. In USW Joint Strength Prediction, two data modes are fused
to generate the multimodal data. Image Augmentation techniques were used to
address limited datasets for visual defect detection tasks. In Chapter 5, MaskR-
CNN (Abdulla, 2017) and YOLOvV8 (Jocher et al., 2028) are used to segment
cosmetic defects on the mobile phone screen, a defect detection use case in re-

manufacturing.

Along with the discussions of the advantages of smart manufacturing, there
are also challenges in this area that have yet to be resolved. There is a signi cant
gap in academic research on topics like improved data collection (Roh et al., 2019),
use and sharing, Predictive model design (Kusiak, 2023), generalized predictive
models (Bachinger et al., 2021), and connected factories and control processes in
smart manufacturing (Lin et al., 2019). Almost all the above scenarios depend
on the quality and quantity of data obtained from the sensors. Non-structured,
high-dimensional, multi-modal data is always a challenge and susceptible to the

curse of dimensionality.
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3.5 Closing remarks

This chapter proposed an industry-focused tailored methodology for implement-
ing CV-DL algorithms in a smart manufacturing factory oor using an edge
computing proxy device (speci cally, the Raspberry Pi 4). It also highlights the
importance of Data Engineering in data-driven Deep Learning Applications. This
chapter introduces the Smart Manufacturing Paradigm in Section 3.1, including
the key elements in industrial Al and the application areas of Al in Smart Man-
ufacturing. Section 3.2 extends the focus on edge computing devices mentioned
in Section 1.1. Section 3.2.1 discussed Edge computing devices for embedded
Al, and Section 3.3 presents the proposed CV-DL methodology approach in de-
tail. Section 3.4 discusses the challenges in a deep learning model development,
and Section 3.4.1 discusses the challenge of constrained data availability, one of
the main challenges addressed in the experiments presented in this thesis work.
The mobile phone defect detection project explained in Chapter 5 overcame the
challenge of collecting, annotating and creating a dataset suitable to solve the
problem of automating the grading process. The USW defect detection project
explained in 6 overcame the issue of an extremely limited dataset to build a ro-
bust defect detection system. The experiments in this thesis followed the CV-DL
methodology approach to overcome these challenges. The sections in this chapter
highlight the signi cance of this industry-focused CV-DL methodology approach
as a process model for Smart Manufacturing applications.
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Chapter 4

Optimization and deployment of
CV-DL methodologies for

Manufacturing Settings

In this chapter, a system is developed following the CV-DL methodology ex-
plained in Chapter 3 to achieve detection, with the additional performance anal-
ysis of deploying these models onto the resource-constrained edge computing de-
vice (Raspberry Pi 4). As discussed previously, the Raspberry Pi 4 is a valuable
proxy for an edge processing device used in smart manufacturing, particularly as
the Raspberry Pi 4 series of devices utilise the embedded ARM Cortex series of
processors (i.e., low-powered, embedded processors).

This chapter discusses two important tasks in the context of smart manufac-
turing, Person Detectionand Face Mask Detection These two tasks were selected
as baseline experiments for identifying the CV-DL models with the lowest infer-
ence time, good accuracy (in the range of 70%) and availability of appropriate
framework to deploy the trained CV-DL models onto Raspberry Pi 4, selected
here as a proxy for an embedded ARM-based edge device.

One of the signi cant analyses in the CV-DL methodology is an appropriate
dataset to train and develop the CV-DL model. Person detection was selected
for this study as it had a benchmarked dataset publicly available for training, the
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INRIA person dataset (Dalal and Triggs, 2005). This enabled keeping the focus
on experimenting with the CV-DL models regarding accuracy and detection time.

The results obtained from this study were further used to build the Face-Mask
detection experiment. The Face-Mask detection project was also signi cant at
the time of implementation as it was a practical application to a real-time CV-DL
detection system and was imminent during the Covid-19 pandemic.

This chapter formed parts of the following rst-author peer-reviewed confer-
ence publications:

" Mohandas, R., Bhattacharya, M., Penica, M., Camp, K. V. and Hayes,
M. J. (2020), Tensor ow enabled deep learning model optimization for en-
hanced real-time person detection using Raspberry Pi operating at the edge
in Proceedings of The 28th Irish Conference on Arti cial Intelligence and
Cognitive Science, Vol. 2771 of CEUR Workshop Proceedings, CEUR-
WS.org, pp. 157{168.

" Mohandas, R., Bhattacharya, M., Penica, M., Van Camp, K. and Hayes,
M. J. (2021), On the use of deep learning enabled face mask detection for
access/egress control using TensorFlow lite based edge deployment on a
Raspberry pj in Proceedings of the 2021 32nd Irish Signals and Systems
Conference (ISSC), pp. 1{6.

In this chapter, RQ1 is addressed:ls deploying a CV-DL defect detection
model in a resource-constrained embedded environment feasibl€fis research
guestion addresses the latter half of the overarching research question of this
thesis: to develop and deploy a robust CV-DL detection system on the edge. The
experiment results presented in this chapter record the performance of a SOTA
CV-DL model trained for the tasks of person detection and facemask detection
and validated on the edge proxy device, Raspberry Pi 4.

4.1 Introduction

This chapter discusses the e ect of quantisation assessed for a real-time edge-
based person detection use case on a Raspberry Pi 4. TensorFlow architectures
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are presented that enable the use of real-time person detection on the Raspberry
Pi 4. This chapter also presents a face mask detection engine that can be easily
retro tted to a standalone Access and Egress control system and can be deployed
using any embedded edge processing subsystem. This subsystem achieves real-
time face mask detection with an accuracy of over 89% in face mask detection
at a con dence level of greater than 90% with excellent detection speeds of less
than 0.3s; the results are given in Section 4.6.2. This achieves performance akin
to that of the SOTA (Nowrin et al., 2021)!, but deployed on a Raspberry Pi 4
device.

The experiments in this chapter should be viewed very much as examples of
Al on the Edge use cases based on the Pi-type infrastructure. The concept of edge
intelligence is discussed in Section 4.2. Section 4.3 considers the model optimiza-
tion and literature on compression e orts in Section 4.3.2. Section 4.4 discusses
edge deployment of CV-DL for person detection, and Section 4.5 presents edge
deployment of CV-DL for face mask detection. Section 4.7 gives a roadmap to
integrate the new datasets into the existing CV-DL methodology. This chapter
concludes with Section 4.8.

4.2 Edge intelligence

Conventional deep learning frameworks are bulky and consume hundreds of mega-
bytes necessary for trained weight storage and the inclusion of a necessary infer-
ence process. For those deep learning models that rely on dense layers, the
number of parameters can number in the billions (Chen, Chen and Martin-Kuo,
2018). This parameter explosion makes it challenging for reduced instruction set
embedded or mobile systems to perform such cumbersome calculations in real-
time. This has motivated the use of performance "optimized' neural networks
that are denoted as edge applications. Figure 4.1 introduces the concept of edge
computing infrastructure for loT devices. Integrating edge computing and Al
(termed edge intelligence) has attracted signi cant attention in the literature of
late (Deng et al., 2020). The roadmap of research for Al on edge, given in Figure

INoting that methods that achieved accuracy in the high-90% range either used customised
datasets or did not mention the data that they used
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Figure 4.1: Edge Computing Infrastructure for IoT Devices

4.2, follows the order of model adaptation, framework design and processor ac-
celeration. Deng et al. (2020) note that Al on edge-based frameworks for model
training and inference are rare. This study followed the approach mentioned in
the given roadmap, where models optimised for edge inference were investigated.
The next step was an analysis of the framework to be used for better inference
on the edge device considered, followed by an analysis of the computational ca-
pabilities of the edge device chosen.

Kwasniewska et al. (2019) describe that the peripheral control devices of in-
dustrial electronic systems often set up in the local ethernet are referred to as
the edge computing infrastructure. Edge computing is a decentralized intelligent
system with independent entities, as per Kristiani et al. (2020). Edge computing
has often been combined with the Internet of Things (loT)-based decentralized
and distributed data capture infrastructure for advanced applications.

In this work on person and face-mask detection, the input will be captured
by a pinpoint camera device mounted on an edge processor. Real-time streaming
and processing of images is necessary for the edge device to initiate the detection
process on the edge device. The Edge computing device used in this work is a
Raspberry Pi 4 with 4GB RAM. A picture of the experiment setup is shown in
Figure 4.3.
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