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Abstract

As a result of current trends towards digital transformation and the integration
of Industry 4.0 ideals and technologies, many manufacturers are racing to stay
competitive in an increasingly digitised environment. Among them is Siemens
Congleton, a manufacturer of variable speed drives and the funding body for
this research project. This factory wants to maintain competitiveness in a
changing manufacturing environment, but with minimal disruption to existing
processes.

Initial assessments of the factory processes show it to use many modern tech-
niques and technologies. Despite this, some areas of production still have scope
to be improved. The first of these is the scheduling method in use: a Priority
Rule Based Method (PRBM). An alternative has been proposed: a Mixed In-
teger Linear Programming (MILP) algorithm, capable of creating a schedule
that accounts for the sequence dependant setup times present in this manufac-
turing process. This is tutorialised for non-technical readers and compared to
a simplified version of the factory’s scheduling method, on a simplified factory
environment. Formulations of the algorithm are presented for single, serial
and parallel setups, allowing for a modular approach to constructing a global
scheduling method as well as local schedules for specific machine groups. In
almost all ways the optimisation approach is better than or at least equal to
the PRBM. The main drawback is the increased time taken and processing
power required: however, this can be overcome by performing the calculations
on a cloud platform and taking advantage of elastic computing technologies.

Another aspect of the Siemens factory that was identified as an opportunity to
improve through digital transformation was the reactive maintenance and fault
response procedures surrounding legacy machines. These machines cannot na-
tively connect with wireless networks and create local data silos. As such, a
generic Fault Detection and Health Monitoring (FD-HM) method using indi-
rect data collection has been developed. It is presented in the context of a wave
soldering machine use case, which suffers from solder build up in the pipes. A
simple test bench is used to mimic the behaviour of the machine. Using an
accelerometer and a Raspberry Pi, vibration data is collected. A gate valve
creates the pipe blockage and a flow meter records the effect on the flow rate.
This is then analysed using Bayesian Change point Detection (BCD) to detect
and isolate the pump response when pipe blockages form. The results of the
analysis are compared to the flow rate to asses the algorithm. The information
can be used to identify the pump response in the future and inform machine
users that maintenance is required. This reduces both the time necessary for
establishing the presence of the machine fault, and the time spent using the
machine while it is in that state.

This is followed by an online version of the BCD (OBCD) algorithm and
an assessment of its effectiveness. By collecting incoming data points and



comparing them to the observed data already collected during the current
cycle, the likelihood of a change point taking place can be assessed. This
algorithm is intended to provide a real time indication of the machine state to
operators.

Finally, the implementation and use of both the scheduling algorithm and FD-
HM methods in a factory environment is discussed. A comparison between the
MILP algorithm and the factory PRBM is presented with anonymised produc-
tion times. An initial analysis of factory data is performed using the BCD and
OBCD algorithms alongside the analysis of artificial data sets representing dif-
ferent potential machine fault scenarios. In addition to this, integration with
Siemens’ Industrial Internet of Things (IIoT) service, MindSphere, will be con-
sidered. To conclude, the application of a combined scheduling and FD-HM
approach is presented and discussed.
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Chapter 1

Introduction

1.1 Motivation and Scope

This project is an EPSRC (Engineering and Physical Sciences Research Coun-
cil) iCase with Siemens titled: “Factory of the Future — Flexible, adaptable
and self-optimised manufacturing systems”. Part of the project’s goal is to aid
the approach to 14.0 Vision 2020+ targets for the Siemens factory. The overall
objective, however, is to generally improve factory function, ideally using data
already being collected or easily obtained and with a minimum of disruption

to the processes currently taking place.

The factory in question manufactures a wide variety of variable speed drives,
both from a catalogue of existing products and custom orders designed suit
particular demands. A number of advanced digital technologies are used to
streamline the design and production process, including Virtual Reality (VR)
environments to aid design, and quality validation processes built into the tools
used for assembly. Products are tracked from the point of order through the
journey across the factory. Initial forays into the use of an Industrial Internet of
Things (IIoT) network to collect data from on-site machinery have taken place,
but have been limited to small-scale local applications because of the lack of

native machine connectivity. Little to no analysis has been performed on the
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collected data to generate insights into the production process. Production
order is determined by a basic scheduling process performed once per day,
which is capable of producing a “good” schedule that does not fully account

for some of the complexities of a real world manufacturing environment.

The current scheduling method uses a simple Priority Rules Based Method
(PRBM) to generate a production schedule based on a series of rules and
priority weightings. It only takes minimal account of the sequence-dependant
setup times present in Printed Circuit Board (PCB) manufacture through
the use of basic type-grouping rules with a low priority. These setup times
take place after a product of one type is processed by a machine, and the
following product has a different type. The machine requires some amount
of time to prepare (set up) to process the incoming product, which, when
performed too often, can take up more than 20% of the available machine
capacity [I]. However, despite its relative importance to production, it has
been noted that over 90% of scheduling literature ignores setup procedures
[2], [3], [4]. This presents the opportunity to create an improved scheduling
method that generates a schedule through optimisation and fully accounts for

sequence dependant setup times.

While some limited ITIoT and cloud technologies are currently in use, a large
portion of the machines in the factory have no capacity for connectivity. Up-
grading or replacing this machinery would be costly and disruptive to produc-
tion. However, the lack of machine connectivity also means that it becomes
harder to centrally monitor and control the processes taking place, and in
some cases can form data silos that can hamper data integration efforts. The
machines themselves can also come with the attendant difficulties of harsh
working environments and limited space for the installation sensors, requiring
indirect monitoring. This necessitates the development of a low cost means
of indirectly monitoring machines and thus connecting them to the IloT net-

work. The diversity of machine types motivates the subsequent development
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of a generic means of analysing the data collected.

1.2 Aims and Objectives

The aim of this research is to find means of non-disruptively improving factory
processes by leveraging new and emerging digital technologies. An analysis of
an existing factory site (Siemens Congleton) has been performed. This factory
is generally considered representative of the current State of the Art (SoA), es-
pecially in the field of digital manufacturing [5],[6]. Despite this, the analysis
identified scope for improving the current scheduling system in use. Addi-
tionally, some existing machinery has limited capability to communicate its
current health, having a limited capacity to communicate with existing infras-
tructure. In some cases, the only available means of fault detection is reactive
and through the use of product inspection after processing. Solutions to both
problems will be validated using information from and inspired by the existing
factory environment. It is also intended that the developed solutions will be
generic such that their application across different machines and production
lines will be possible, as these issues have been shown by current research to

be common across manufacturing environments.

In order to achieve this aim, the following research objectives have been iden-

tified:

1. To explore and define possibilities for measurable improvements to fac-
tory processes through digital technologies with minimum disruption to

manufacturing processes.

2. To present suitable analogues for a factory environment that will facili-

tate initial validation of the presented contributions.

3. To design a modular scheduling algorithm that effectively accounts for

sequence-dependant setup times during the manufacturing process.
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4. To empower readers to formulate scheduling solutions for their own spe-

cific requirements.

5. To identify a means of exploiting available machine data at a low cost

and creating the opportunity for IIoT integration on a legacy machine.

6. To provide a generic solution for Fault Detection and Health Monitoring

(FD-HM) applicable to machines across a production line.

1.3 Outline

This thesis comprises of 7 chapters, which are organised as follows.

Chapter 1 - Introduction: This chapter briefly outlines the background,
motivation and scope of the thesis. It presents the aims and objectives that
the thesis intends to meet. It also provides a short summary of the final

contributions.

Chapter 2 - Literature Review: This chapter presents and reviews the
current State-of-the-Art in existing literature and industry. It covers digital
transformation, Industry 4.0, relevant scheduling techniques, Fault Detection
and Health Monitoring and Change Point Detection. Existing knowledge gaps

will be highlighted and used to define the contributions made by this thesis.

Chapter 3 - Research Approach: This chapter presents the overarching
research methodology and provides a definition of the main problems presented
by the Siemens Congleton site. A simulated representation of a production line
is defined to facilitate a comparison between the current scheduling method
and the one presented in the thesis. The wave soldering machine as a use case
for the FD-HM methods is presented. A test bench intended to simulate the
behaviour of the wave soldering machine is shown alongside the kit developed

to collect data from it.
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Chapter 4 - Modular Production Line Scheduling Algorithm: This
chapter presents the first contribution of the thesis: a flexible scheduling algo-
rithm for solving problems including sequence dependant setup times. Three
versions of the algorithm are defined, capable of generating schedules for single,
serial and parallel machine setups. The single machine version is tutorialised
to allow users to more easily understand how to create algorithms suitable for
their specific problems. Initial assessments of each of the three algorithms are
performed using sample product batches. A schedule of a full production line
is also created and compared to a schedule generated by a simplified version of
the existing scheduling method. The presented scheduling algorithm is shown

to perform better the existing algorithm by a majority of metrics.

Chapter 5 - Bayesian change point Detection for Fault Detection
and Health Monitoring: This chapter first presents the offline BCD algo-
rithm for FD-HM. It is used to retroactively analyse data collected from a test
bench analogue for the wave soldering machine use case. The offline algorithm

successfully identifies the change point in both data sets used.

The online BCD algorithm is then presented and assessed on an expanded test
bench data set. It provides feedback in real time about the machine state
based on a comparison of current data with data previously collected during
the current operating cycle. It is shown to also correctly identify the change

point in both data sets and successfully infers behaviour models for the pump.

Chapter 6 - Industrial Application and Validation: This chapter presents
the validation of the contributions and a discussion about the requirements for
industrial application. The scheduling algorithm compares favourably against
the existing factory scheduling method when anonymised production data is
used. An initial analysis of the data collected from the wave soldering ma-
chine is presented, as well as a number of artificial data sets representative of
potential machine faults. The FD-HM methods successfully identify the ma-

chine faults and the requirements for successful analysis of machine data are
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discussed. Finally, a combined scheduling/FD-HM approach is discussed.

Chapter 7 - Conclusion and Future Work: This chapter provides a sum-
mary of the key points of the research. There is also a discussion about the
future work required to develop and implement the presented contributions in

a factory environment.



Chapter 2

Literature Review

2.1 Digital Transformation in Industry

Currently, a trend in many industrial and commercial environments has been
digital transformation: taking and converting a variety of physical and ana-
logue assets and making them digital, or otherwise connecting them to the
internet [7]. This has had a variety of effects, one of which is improved data
collection and storage capabilities through the proliferation of sensors and
servers. The rise of increasingly powerful and smaller computers and proces-
sors has led to smarter and faster data processing. Combined with connectivity
through the internet, a series of new data-based products and services have

appeared.

Cloud computing was one of the first of these, referring to the sharing of
pooled computing resources made possible through the internet [3]. The cloud
allows for increased storage, processing capabilities, access to virtual machines
(VMs) and a variety of applications that otherwise might not be available as
a result of limited local resources. Members of the public can use it for data
storage and sharing, and businesses now exist offering access to more powerful,
dynamic servers on a pay-as-you-go basis. These Platform and Data-as-a-

Service (PaaS and DaaS) business models free small companies from the large

7
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investments required to have their own servers, and larger companies from

purchasing servers they might under-use.

Following the growth of cloud computing has come the Internet of Things
(IoT), first described with the term “ubiquitous computing” in 1991 [9]. It
refers to the use of physical sensors, devices and actuators with embedded
electronics that can connect to networks to exchange data [10], [I1]. This
includes mobile phones and wearable devices, which can gather information
as they are carried round, such as their location and usage. An industrial
version exists, referred to as the Industrial Internet of Things (IIoT) [12], [13],
which takes advantage of the increasing affordability, intelligence, and small
profile of the sensors and processors. It is intended to streamline processes
and enable better product tracking, information gathering and data analysis,
with an additional focus on machine to machine (M2M) communication. This
differs from the consumer version mainly in its more stringent requirements
for speed, security and reliability, as well as focusing more on cost reduction

than revenue generation.

From an industrial perspective, the link between these two has come in the
form of a number of industrial cloud platforms and the Industry 4.0 (I14.0) ini-
tiatives, such as the SmartFactoryKL [14], [15], a manufacturer independent
demonstrator and research platform, or the Factory of the Future (FoF) Public-
Private Partnership (PPP) [10], an initiative aimed at helping EU manufac-
turing enterprises adapt to global competitive pressures. Initially mentioned
in Germany during the Hannover Fair in 2012 and outlined the following year
as the Industrie 4.0 initiative [17], 14.0 describes the use of a wireless network
of sensors and devices using an expanding collection of data to feed into man-
ufacturing machines, allowing them to perform with greater autonomy. The
concept also envisions more support for the workforce through wearable devices
and collaborative robots, and an overall higher skilled workforce performing

tasks such as robot coordination as machines take over a greater number of
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manual jobs [17], [18], [19], [20], [21]. The increased autonomy is meant to
lead to greater factory productivity and more flexible employment options for

the workforce.

Industry 4.0 builds on the foundations laid by Computer-integrated Manufac-
turing (CIM) in the 1970s [22]. CIM was a comprehensive approach to the
integration of hardware and software across the entire manufacturing process,
from initial product concept to marketplace distribution, using a wide variety
of technologies to automate many of the previously manual processes [22], [23].
This led to a significant improvement in manufacturing quality and quantity,
capable of providing greater flexibility, reduced response times and facilitating
improved levels of fault detection and health monitoring. Successful implemen-
tation was estimated to take 5-8 years [24] and required long term investment,
expensive equipment and significant restructuring of a business to fully take
advantage of the changes. CIM was, in some cases, considered ”doomed to
fail” as a result of the complexity of the required automation technology [25],
and [4.0 is presented as the development of CIM that complements and facili-

tates it through modern Information and Communication Technologies (ICT)
[26].

Industry 4.0 is currently being developed by both research groups and industry
in a variety of forms in different countries, including Industrie 4.0 in Germany,
America Makes in the USA and Made in China 2025 in China [27]. As a result
of these disparate efforts, there is a level of risk present that solutions offered
by different sources will not be compatible. For that reason it is important that
new standards are established. Architectural models for 14.0 have been pro-
vided by the RAMI4.0 (Reference Architecture Model Industrie 4.0) [28] and
ITIRA (Industrial Internet Reference Architecture) [29], which incorporate ex-
isting standards with the goal of making them applicable for future implemen-
tation. Sticking to a series of established standards will ensure that all progress

made is aligned and contributes to the growth of the technology. There is also
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a trend towards having a “wrap and re-use” approach over completely remov-
ing old machines in a “rip and replace” manner [12]. Such an approach is far
less expensive both in terms of capital expenditure and losses resulting from
production downtime, and significantly benefits Small and Medium size En-
terprises (SMEs), helping them avoid costly investments like new equipment.
Retrofitting extant machines in this manner is considered an effective route
into 14.0 and a means of facilitating the digital transformation of a business
[12]. Research in this area is still in the early stages of architecture design [30]
and the use of bespoke solutions [31], with only a limited amount of literature
available that largely does not accurately reflect the digital maturity of most
SMEs [32]. Existing initiatives such as Digital Manufacturing on a Shoestring
[33] are working towards making these technologies more readily available to

SMEs so that they can more fully benefit from 14.0 technologies.

Extracting more value from data can also take the form of data integration
[31]. Data integration is a term that encapsulates the process of combining
data from a number of different sources into a unified view to make it more
actionable and valuable to those accessing it. This offers a number of signifi-
cant benefits to users. Through the unification of data collection, access and
analysis, collaboration is made easier and more effective. Time spent searching
for the right data is reduced when all available data can be readily accessed,
and knowledge about the available data means that rework can be avoided.
Finally, the overall data quality can be increased as quality issues are identified

over time and the necessary improvements can be made.

Implementing data integration within a company requires the development
of four key elements [31]. These are: facilitating self-service access to data,
ensuring pervasive data quality, providing a unified data collecting environment
and creating a solution that can run natively on leading platforms. Self-service
access to data will allow users to find and exploit existing information quickly

and efficiently, avoiding time lost due to barriers such as department policies.
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High data quality across the company ensures that data being used can be
trusted and will require less additional processing, filtering or manipulation
during analyses. A unified data collecting environment lowers the Total Cost
of Ownership (TCO) of the data and allows for the automation of the data
life cycle. Finally, guaranteeing that the solution can run natively on leading
platforms enables implementation across the entire organisation, without the
need for costly replacements to work devices. Successful data integration and
subsequent exploitation can lead to benefits as great as a 93% increase in
profits, 82% more sales and a 112% increase in the speed of sales growth
[35]. Implementation across a wide variety of industries, including food and
beverage, energy and power, and health care, demonstrates the value and

flexibility of data integration.

A major stumbling block for full data integration is the data silo [30], [37], [38]:
a segregated group of data stored such that it is not easily or fully accessible
by other groups. Data silos can form as a result of a number of factors, the
most common including company structure and legacy hardware or software.
The former is especially present in larger, older companies, in which different
departments would have had specific policies, procedures and goals, and de-
signed their data storage around these. There are cases in which this is done
intentionally: access to data in silos can more easily be regulated, especially
in the case of companies with international bases. As such, a data silo can be
used to aid in the regulation of export controlled data. Legacy hardware can
create local, physical silos through a lack of connectivity while software using
proprietary code and file types requires specialist tools and knowledge to take
advantage of. This can lead to as much as 55% of company data becoming
inaccessible for decision making [35]. Data silos limit the visibility of available
data, reducing the scope of potential analyses. They can also be responsible
for inefficient rework and redundant data, wasting both time and digital re-

sources, as well as reducing data integrity in cases where the same information
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is stored in multiple places but not updated at the same rate. It is worth not-
ing here that poorly implemented IoT technologies can exacerbate the issue
by increasing the number of sources and volume of data stored in segregated
locations. However, current research has been developing the necessary stan-

dards required to ensure interoperability between heterogeneous devices [39]
[10].

The increasing capabilities and prevalence of commercial and industrial cloud
computing and [oT platforms is a key driver for data integration and digital
transformation. Commercial services such as Amazon Web Service (AWS)
[11] offer a variety of IoT and data management tools, as well as the ability
to integrate with established and widespread apps, through a PaaS and DaaS
business model. This is particularly true for Microsoft Azure [12], with the
prevalence of Windows software packages and the increased use of OneDrive
for data storage solutions [13]. Comparisons of these platforms against key
criteria found that the choice to adopt one over the other should focus on the
provider’s proprietary capabilities [14]. For example, the Salesforce platform
focuses on providing Customer Relations Management (CRM), making it the
most suitable choice for customer engagement [15]. Users of these platforms
further benefit from constant updates maintaining state-of-the-art software
and expert external support that would otherwise be expensive to develop

internally.

Industrial cloud and IIoT platforms have a more specific focus on data man-
agement and machine connectivity with the goal of obtaining data from and
optimising processes in order to reduce costs and increase efficiency [16]. No-
tably, and of particular interest to this thesis, is the Siemens MindSphere
platform [17], which aims to provide fast and cost effective connection of the
equipment fleet alongside access to data collection and analysis. MindSphere
allows for the integration of data sources across the entire business: Product

Lifecycle Management (PLM), Enterprise Resource Planning (ERP), Manu-
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facturing Execution Systems (MES), Quality Management Systems (QMS),
Customer Relationship Management (CRM) and IoT can be combined in one
analysis centre [18]. Successful implementation of this represents complete
data integration, breaking down data silos and allowing for effective unifica-

tion, filtering and evaluation of the data.

Alongside the benefits of digital transformation, data integration and the use
of IoT and cloud platforms can present significant risks and challenges [10], the
most important of which are outlined below. Chief among these are network
security and privacy [17] [19], both of which are particularly vital in scenarios

involving sensitive data or dangerous machinery. Failure to successfully secure

networks can lead to significant damage to industrial sites [50] as well as data
theft and loss of node control [51], [52], [53]. There are a number of potential
attack models that have to be considered [51]. Denial of Service (DoS) attacks

generally work to exhaust service provider resources and network bandwidth,
but in IoT networks can further target the wireless communication infrastruc-
ture of the network and effectively “jam the channels”. Physical damage can
lead to the destruction of accessible hardware. Eavesdropping attacks can
passively attempt to extract data from the various communication channels in
use. Finally, node capture can allow an attacker both access to information
and control of a node in the network, with a scope for damage dependant
on the capabilities and importance of the node. Securing a network against
these attacks and ensuring privacy can be done through the integration of sev-
eral mechanisms [51], [55]. The use of protocol and network security services
can offer end-to-end secure communication mechanisms through the use of
cryptographic algorithms and credential and key management. Identity man-
agement is necessary to for authentication and authorisation: ensuring that
received data contains what it is supposed to contain, and is accessible to only
the right users. Tools that allow users to manage access to their own data

alongside transparency about the entities managing and using that data will
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improve network privacy in general. In-built fault tolerance can help resist and
prevent attacks, and allow for smoother recovery in cases where they could not
be prevented. The last element to securing networks is trust in and governance
of the network. Trust refers to both the trust in interactions between entities
in the network and trust in the system as a whole from a user’s perspective.
Governance of of the system offers stability, support for decision making pro-
cesses and definitions of common frameworks, but has to be implemented with

care to avoid an over-controlled environment.

The second major challenge to consider is network latency, particularly in
time sensitive processes that require real-time feedback, rapid responses to in-
puts such as location tracking and awareness, or M2M communication [50].
Increasing numbers of devices on a network increase network load and detri-
mentally affect latency and response time. 5G standard networks are expected
to maintain a latency of <b5ms [56], [57], which is used as a benchmark for
industrial applications involving robots. Basic solutions to reducing the data
load include on-site or decentralised data processing such that the transmis-
sion volume is reduced, or selective use of sensors for data collection [58]. New
routing protocols with improved response times are being also trialled with the
goal of reducing latency with minimal loss of information [59]. Additionally,
Fog Computing is being developed as a platform providing storage, computing
and network services between the cloud and end devices. This is particularly
useful in situations where the full data is not required for the cloud or must

be processed with very low latency and mobility [60].

Finally, the large number and heterogeneity of IoT devices and services makes
interoperability a priority in this field [74]. Data and cloud integration can
partly solve this problem, but in unique cases that take advantage of propri-
etary software and hardware, enabling inter-device communication can prove
complex and costly. This can lead to the formation of data silos and prevent

the full value from being extracted from generated data and analyses. Over-
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coming this requires the formation and adoption of comprehensive standards to

enable the creation of smart scenarios with a variety of heterogeneous devices.

2.2 Scheduling

A side effect of digital transformation and 14.0 is a trend towards “batch-size
of one” production of products tailored to customers’ needs [17], [61]. As a
result of this, production scheduling is becoming an increasingly complex task.
This is especially true in electronics and Printed Circuit Board (PCB) man-
ufacture: their manufacturing processes can require a lot of setup activities,
which are capable of taking up more than 20% of available machine capacity
[1]. Thus, reducing the amount of time spent performing setup procedures
can lead to direct savings for the PCB manufacturers as well as increasing the
total capacity of the factories. However, it has been noted that over 90% of
scheduling literature ignores setup procedures [2], [1], [02] despite its relative
importance to production. These procedures can be further broken down into
setup times and costs, which have been formally defined as the time or cost
required to prepare a necessary resource to perform a task [62]. Unfortunately,
finding optimal solutions to these practical scheduling problems is an NP-hard
problem [63], [64], [065] meaning that there is no polynomial time solution for
the optimisation problem [66]. Consequently, different methods have been es-
tablished to perform scheduling tasks within a reasonable time frame. The

most common of these are outlined below.

Priority Rule-Based Methods (PRBMs) are a heuristic approach and are used
to rapidly construct schedules for a system of machines (see [64], [67] for a
list of examples and implementation). They are also referred to as dispatching
rules and can be generally be classified as either local or global, and static or
dynamic. Local rules consider the data of each task individually, such as in

cases of single or small groups of machines. Global rules consider the data of
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more than one task simultaneously or additional information not related to the
task itself, useful in scheduling for a production line or entire factory. Static
rules always return the same priority index, whereas dynamic rules depend
on the time at which they are calculated, making the latter more valuable in
scenarios which. In specific cases heuristic scheduling methods can provide
optimal solutions: for example, Earliest Due Date (EDD), or Jackson’s rule
[68], can optimally minimise the maximum lateness in a schedule for a single
machine. A large variety of possible rules exist and have been implemented
both in isolation and as a combination of rules [61], [69], [70]. The effectiveness
of the different priority rules (and their combinations) depends on the systems
that require scheduling and the criteria used to assess the results. PRBMs
are used primarily for their low complexity and ability to quickly generate
a “good” schedule [63], but in most cases it is impossible to tell how close
to an optimal solution the generated schedule is. They make up the bulk of
scheduling solutions in traditional manufacturing [63] and are implemented

through the MES layer of the factory.

Multi-Agent Systems (MASs) are a second heuristic method and have also been
the subject of much research [71] to establish best practices and architectures.
More recently, focus on decentralised manufacturing and 14.0 has led to a va-
riety of MAS protocols being developed and tested [72], [73] for use in modern
manufacturing environments. They are particularly valuable for determining
production schedules in more dynamic environments which require adjustment
to changes such as machine down time, product failures or the arrival of urgent
jobs [72], [74]. The behaviours of the agents and their organisational structure
determines how products travel through the system. The agents in manufac-
turing MASs can communicate with one another to determine the production
schedule through a variety of different methods. The most common of these are
negotiation protocols [73], [75], [76], which are the set of rules that govern the

interactions during a negotiation. Communication can be with other agents,
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such as broker/auctioneer agents in bidding based scheduling [77], [78],[79], or
with supervisor/mediator agents in hybrid-based MAS architectures [72], [30].
This format is particularly suited for IToTs as each individual agent can con-
nect to the network and use it to communicate with the surrounding agents.
However, it should be noted that the performance of a MAS is tied to the
negotiation protocol in use, and it is not currently possible to analytically
predict the effects of a change in the protocol [76]. Additionally, MASs have
higher overheads due to the communication requirements between the agents

and brokers.

Artificial Intelligence (AI) and Machine Learning (ML) is another active field in
scheduling research. The first application of Al methods can be traced back to
1962 [21], where a sophisticated heuristic method capable of solving a schedul-
ing problem with the appearance of intelligence was presented. Al methods
encode knowledge about the problem domain and manipulate it through infer-
ence mechanisms to solve scheduling problems, and as such can be classified as
knowledge-based systems [32]. However, they are significantly limited by an
inability to adapt, leading to the inclusion of learning elements in Al systems
and forming the basis for machine learning in scheduling. This takes the form
of automated methods of knowledge acquisition and the integration of the ca-
pacity to improve performance based on experience. In the case of scheduling,
these methods can take the form of rote and inductive learning [32]. Rote
learning as a mechanism stores previously made decisions and compares them
to the current scenario. The best or most suitable decision is then chosen,
and the results are used to update the stored knowledge [¢3]. Rote learning
surpasses the performance of basic heuristics but is limited to the initially
chosen set of dispatching rules and system states used to train the system
[32]. Conversely, inductive learning aims to infer effective rules for schedul-
ing from training data sets [31]. Inputs take the form of production orders,

the corresponding scheduling decisions made and the resultant system state,
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and are analysed alongside criteria for successful inference. Inductive learning
can further be refined through Case Based Reasoning (CBR) [¢5], which aims
to exploit experience gained from past similar problem solving cases, neural
network approaches [36], which can aid in the learning of appropriate criteria
weights in multiple criteria decision making, and Genetic Algorithm (GA) ap-
proaches [37] to aid in the search for suitable schedules. There are two main
drawbacks to the use of machine learning in scheduling: the first is its reliance
on high quality, well labelled training data, which may not always be available.
The amount of data required increases significantly based on the complexity
of the system, and a lack of data or low quality data can significantly impact
the usefulness of the approach. The second drawback is related to this in that
creating a machine learning solution requires expert knowledge of and experi-
ence with the system, both to create the solution and to assess its outputs [32]
[84]. It has further been noted that in many real-world environments suitable

experts might not exist [35].

Optimisation approaches are more complex and time consuming, but are capa-
ble of producing a significantly better solution in more complicated scheduling
cases than the methods outlined above [(7]. They generally take the form of
Mixed Integer Linear Programming (MILP) algorithms. A variety of models
and methods for creating MILP algorithms exist in literature, addressing both
specific and generalised scenarios (see for example [64], [67], [29], [90], [91],
[92]). An objective (cost) function that requires minimisation or maximisa-
tion is constructed from known system characteristics, alongside a series of
constraints that define the system requirements. Solutions that satisfy these
constraints are most often found using Branch-and-Bound (BnB) and cutting
plane techniques, which work best in combination [93] as the Branch-and-Cut
method. This involves solving a relaxed version of the problem, assessing the
results, and either accepting them or further refining the model until the search

is complete. These can be used to find optimal solutions to the optimisation
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problem. However, the complexity of the problem and the time required to
solve it increases exponentially with the number of variable and constraints.
Running them on a cloud computing platform with elastic computing capabil-
ities can help avoid the prohibitively long processing times [5]. In addition to
the scalability cloud platforms afford, AWS has been shown to have a number
of advantages over local dedicated computing clusters, including instant access
as and when required, an explicit pricing model and no additional overhead

costs [91].

MILP scheduling algorithms can further be classified on the basis of the de-
cision variables used to define them. There are 5 main types: job completion
time variables, assignment and positional date variables, linear ordering vari-
ables, time indexed variables, and network variables [95]. The choice of variable
defines the resultant optimisation model and each type of variable can provide
different benefits such as smaller models, faster computation times or tighter

lower bounds.

Job completion time is considered a key metric for the assessment of the quality
of a production schedule, with a number of scheduling problem performance
measures being a function of or derived from it, especially the completion time
of the final job. As such, job completion time variables (also known as “nat-
ural time variables”) are considered a natural way to characterise schedules.
However, job completion time variables have been known to exhibit poor per-
formance in single machine setups and are considered too simplistic to process

more complex machine environments, such as parallel setups [91].

Assignment and positional date variables specify the position of a job in a
schedule and the time at which it will start processing - most often the time at
which the previous job has finished [91], [95]. This type of variable is defined
based on the notion that each machine has a fixed number of positions, or
“slots”, into which jobs can be assigned. These positions then specify a job’s

relative position to all other jobs processed on the same machine and therefore
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the overall job sequence - thus creating the schedule.

Linear ordering variables, also referred to as “sequencing variables”, use binary
variables to describe precedence relationships among the jobs in a set [(65]. The
linear ordering of a job set refers to the set of feasible solutions or permutations
that the jobs can have. The binary variables are associated with pairs of jobs

and specifically whether or not one precedes the other.

Time indexed variables were first introduced as a means of studying a single
machine case and typically assign jobs to particular time periods [96]. These
decision variables are indexed by both job and time dimensions and have since
been used in a variety of machine scheduling problems. This approach leads

to larger models but can provide better lower bounds than other formulations.

Network variables, or “travelling salesman variables”, take advantage of the
fact that it has been shown that certain scheduling problems can be shown
to resemble time-dependant Travelling Salesman Problems (TSP) [07]. Initial
applications successfully modelled a single machine scheduling problem with
sequence dependant setup times. Extensions taking advantage of auxiliary
variables have facilitated the network based MILP formulation for parallel

machine scheduling as well [95].

A comparison of models constructed using different decision variables to solve
various parallel machine scheduling problems has shown that the choice of vari-
able can significantly effect the outcome of the optimisation [91]. In all cases,
computation time increases exponentially as the number of jobs and process-
ing times increase. The model constructed with time indexed variables proved
particularly effective at quickly generating feasible solutions close to optimal
solutions, or yielding tighter lower bounds in situations where the allotted time
constrained the optimisation. However, the computation time most suffered
from large processing times, and has a difficult-to-solve LP relaxation. The
model constructed with network variables was shown to be well suited for sce-

narios with large processing times and/or made use of release dates, but had
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one of the longest computation times. The model constructed with assign-
ment and positional date variables was capable of effectively finding feasible
solutions close to the optimal or best solutions for most test cases. It suffers
from a loose lower bound that slows convergence and prevents it from finishing
within the allotted time but could improve through the use of additional valid
inequalities. Finally, the model constructed using linear ordering variables
had fairly low computation times and gave good lower bounds for scenarios
with small numbers of jobs but its performance significantly degraded with

increased job numbers.

The assessment and comparison of different scheduling techniques can be done
through the use of a variety of metrics, dependant on the relative importance
of each metric and the requirements of the production process. The most basic
requirement is feasibility: the schedule must not violate constraints present in
the manufacturing system in which it is to be executed [63], [99]. This refers to
the constraints that define the actual processes and not those that specify levels
of performance. The next is acceptability: an acceptable schedule is one that
cannot be improved by trivial changes, and isn’t obviously worse than any other
readily available schedule [99]. The exact definition of a trivial change depends
on the system in question and the complexity of the scheduling problem - for
example, a trivial change might be one a knowledgeable user could make after

a manual examination of the schedule.

Once a feasible and acceptable schedule has been generated, its quality can
further be assessed through the aforementioned metrics. These metrics also
form the basis for the cost functions used in optimisation approaches. The
most common of these are described below, and they can further be used in
combination and weighted to reflect their relative importance to the particu-
lar manufacturing scenario [63], [65], [64]. The total manufacturing time, or
makespan, is the length of time taken to finish a set of jobs. Alongside the

obvious benefits of a faster completion of a job set, a low makespan indicates
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good machine utilisation. Product lateness is the difference between a prod-
uct’s due date and its completion time. Lateness is positive when products are
late and negative when products are early: as such, a small average lateness
is not necessarily meaningful. It could mean that all products were completed
near their due dates, or that most products were very late and some were
very early. Consequently, the average lateness and its variance are considered
together, with the aim of minimising both. Similar to the lateness is product
delay or tardiness, which is equal to lateness when products are late and zero
otherwise. As a result, average delay is a useful measure of performance. Other
metrics related to the delay and lateness include the longest delay and total
number of delays, both of which a scheduling method would aim to minimise.
Finally, scenario specific factors such as energy consumption can also be used

as a metric for assessing a schedule.

Despite a large number of works published in literature addressing a plethora
of scheduling problems, practical implementation of optimisation approaches
in industry is limited and in reality many sub-optimal solutions are used in-
stead [100]. A number of factors contribute to this lack of implementation
[101], but they can generally be summarised as the inability to capture the full
complexity of the entire manufacturing process. This is both due to a lack of
suitable knowledge and understanding, and the difficulties present in express-
ing some of the aforementioned complexities through the use of a mathematical
model. That said, current trends towards digital integration and transforma-
tion through the use of IoT networks and cloud platforms are a crucial step in
the right direction [18], [100]. A secondary challenge is the lack of an efficient
and flexible way to visualise and interact with the generated schedules, which

simpler heuristic solutions often make use of [100].

Despite these difficulties, a notable example of a MILP formulation used in an
industrial environment is a production algorithm implemented in a production

facility for the computer technology company Dell [102], which minimised the
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number of setup procedures and lead to a cost avoidance of over $1 million
annually, while successfully increasing production volume by 35%. Similarly,
setup reduction techniques have been shown to be capable of providing direct
benefits of $1.8 million annually [103]. Other applications include a proposed
model for a dairy plant that can reduce overall makespan by 3-5% [104], a 2%
reduction in waste as well as production time in paper converting industries
[105], and 20% reduction in electricity costs in a steel plant [106]. A thorough
exploration of these formulations is presented in [100], where it is also noted
that despite the number of cases studies, only a limited number are actually

implemented in a real world environment.

2.3 Fault Detection and Health Monitoring

Fault detection and health monitoring (FD-HM) (and by extension Fault De-
tection and Diagnosis (FDD)) methods are also being affected by data integra-
tion and 14.0 developments. Cyber-Physical Systems (CPS) use data collected
from sensors on machines to inform digital models [I7] which can then be
used to make decisions. This can be used to supplement existing FD-HM
measures that rely upon machine and process data [107]. The “wrap and re-
use” retrofitting approach [12] to intelligent machines means that additional
data can be collected and improve the quality of the analysis. For example,
accelerometers can be used to monitor motor performance and predict the ex-
isting faults [108]. This data can then be locally or centrally processed and

presented to maintenance engineers to inform them of problems [109].

Traditional FD-HM and FDD techniques generally fall into one or a combi-
nation of the following groups: data driven, analytical or knowledge based
[107]. Data-driven FD-HM techniques, such as Principal Component Anal-
ysis (PCA), depend on access to large amounts of historic data to perform

statistical analyses. They can be used to accurately detect anomalies and
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have the ability calculate the contributions of particular parameters to specific
alerts [110]. However, in cases where the assumptions behind the analysis are
incorrect, the results can show false alarms and exhibit bad detectability. Ana-
lytical approaches use detailed quantitative models to predict healthy machine
behaviour and use comparison with observed data to detect faults. These ap-
proaches can prove effective when the model is accurate, but for large scale
systems such a model may be unavailable or too costly and time consuming
to obtain [107]. Finally, knowledge-based methods are based on qualitative
models generated though causal system modelling, expert knowledge, detailed
descriptions of the system or fault-symptom examples. These are well suited
for fault diagnosis, but quality of the results is very dependant on the qual-
ity of the available knowledge [107], [I11]. Additionally, if the machines are

modified in any way it can significantly affect the reliability of the models.

More recently, research into FD-HM has been changing to take advantage of
developments in 14.0. The presence of IIoT sensors and devices capable of edge
computing, alongside ubiquitous cloud networks, has increased the amount of
data available for processing and analysis [112]. This is reflected in a number of
ways, including the increasing prevalence of AI and ML solutions better suited
for processing the big data generated by the increased number of more sensitive
sensors [112]. Variants of existing algorithms have been created to be more
scalable and capable of both online and offline analysis [113]. However, the
need for expert knowledge and industrial experience has also been highlighted,
especially in the case of fault prioritisation where faults can have a high level of

individuality dependant on the processes and machines being monitored [11].

The use case of a wave-soldering machine is presented in this thesis. Over
time, this machine releases faulty products as a result of wave height drop
due to solder build up in the pipes. There are a limited number of existing
methods to measure the current wave height, such as eddy current sensors [115],

laser and laser line triangulation [116], and the Solderstar Waveshuttle PRO
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[L17]. Eddy current and laser triangulation sensors are expensive and time-
consuming to install, requiring a bespoke solution for each implementation that
is handled by the end user. The Waveshuttle is a ready-made solution, but is
also expensive and takes up production time to run. These solutions are specific
to the machine and cannot be adapted to suit other machines in a factory
environment. Additionally, their installation and use leads to interruptions in
production. As a result, these methods are considered incompatible with the
non-disruptive requirements set by the project brief. Other methods, such as
flow rate monitoring, are also excluded because of both the harsh operating
environments and the disruptive nature of the installation process of such
sensors. Therefore, pump vibrations are used for the vibration analysis in this
thesis because other data cannot realistically be collected. Further, vibration
analysis is applicable to a large range of production machinery, making it more

suitable for a generic application.

Pump vibration monitoring is not unique, and many examples can be found
in both industrial and research literature [1 18], [119]. Techniques include com-
paring recorded pump vibrations against a model of the expected vibrations
[120] and using pump vibrations to predict cavitation by training an Artificial
Neural Network (ANN) to recognise features indicative of the fault [121]. Simi-
larly, time-frequency analyses of vibrations have been used to diagnose wear in
pump valve plates [122]. A variety of state estimation techniques that use live
measurements from pumps to predict the current pump state offer trade-offs
between computational time and accuracy [123]. Multiple data sources can be
combined in health monitoring frameworks such as PROAD (Process Advisor)
[124], which uses process, vibrational and spectral data to predict the remain-
ing useful lifespan of a pump. Other modern approaches take advantage of
[ToT devices to collect data from multiple points across a system in order to
facilitate the data analysis [125]. These analyses are effective at detecting is-

sues such as cavitation, resonance and misaligned or warped components, and
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notifying operators when pump maintenance needs to take place. Approaches
like these often require additional information in the form of a mathematical
model of the expected pump behaviours, or labelled data sets for training the

algorithms.

However, pump vibration analysis is not used to monitor general system health
and predict faults that occur outside of the pump itself. This is largely assessed
using pipe vibrations [120], [127], which can provide insights into general sys-
tem performance, or be used to locate discrete blockages downstream of pumps
[128]. The results of these approaches are affected by the locations of the sen-
sors relative to the blockages or problem-causing elements. In the motivating
scenario, access to the pipes is unavailable, and solder build-up does not neces-
sarily form a localized blockage. Any solution needs to have low complexity so
that it can be implemented on a low-cost microcomputer. Additionally, there is
no preexisting vibration data with which to establish baseline readings, create

a behaviour model or provide training data.

To overcome these issues, change point detection (CPD) is used, and the cho-
sen method is assessed on a test bench. A variety of change point detection
methods exists, as per Figure 2.1 [129]. CPD assesses a data set and can use
a variety of methods to locate change points in the data. These are points at
which a change in the state or behaviour of the data source takes place, or at
which unexpected/anomalous events occur and affect the data source or the
collected data. CPD algorithms will generally fall into one of two categories,
from which they can be classified further: supervised and unsupervised meth-
ods. The choice of method is made based on the available data and the desired

outcome of the algorithm.

Supervised CPD methods take advantage of ML algorithms to classify the
different states present in a data set [129], [130]. Multi class classifiers use
knowledge about all of the possible process states to locate change points at

state boundaries. A sliding window moves through a data set, considering each
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Figure 2.1: Querview of change point detection algorithms
[129]

possible division between two data points as a possible boundary or change
point. The training phase for this process is relatively simple but requires both
sufficient and diverse data. This training data should include both each indi-
vidual state class and all possible transitions between states. In some cases, if
the available knowledge only covers the different states, it might still be possi-
ble to locate and classify a change point. Binary methods use a similar sliding
window but make the assumption that change point or transition sequences
represent one state, and sequences contained between the change points are
the other. Despite the fact that fewer classes need to be learned by the ML al-
gorithm, in cases with a large number of possible transition types the learning
problem becomes more complex. Finally, virtual classifiers aim to both detect
change points and interpret the change. Supervised methods tend to be more

accurate if enough training data is available and the series is stationary [130].
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Unsupervised CPD methods can fall into a larger range of categories and are
typically used to discover patterns and pattern changes in unlabelled data, seg-
menting it based in its statistical features [129] [130]. Subspace modelling uses
predicted state space parameters of a time series represented by state spaces to
detect changes. Probabilistic methods estimate the probability distributions
for each new subset of data based on the data observed since the previous can-
didate change point. Clustering methods form group of time series data based
on their respective states and use the differences between the group features
to identify the change points. Kernel-based methods map observations onto a
higher-dimensional feature space and detect change points by comparing the
homogeneity of each subset of data. Graph based methods use statistical tests
to analyse time series observations represented as a graph. Finally, likelihood
ratio methods assume that if the probability densities of two consecutive sub-
sets of a data set are the same, they belong to the same state. Unsupervised
methods are preferable in scenarios without labeled or training data or when

the series is not stationary [130].

Unsupervised CPD methods are of particular interest to this thesis, as means of
creating a generic approach to FD-HM for machines when there are no existing
data sets and only limited knowledge about their behaviour is available. A
Probabilistic method is chosen to perform the analysis, specifically Bayesian
Change point Detection (BCD). BCD takes advantage of Bayesian inference, a
statistical method that uses new data to inform and update assumptions made
about a model. Alongside a built-in capacity to handle noisy data, Bayesian

inference offers a number of additional advantages [131]:

e Bayesian model parameters and their associated functions have probabil-
ity distributions, so that statements can be made about the probability

of a specific event taking place.

e Bayesian inference allows the integration of prior knowledge with current

results.
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e Bayesian inference allows for easier predictions of observable future events

based on the analyses performed.

e The results of Bayesian inference can be integrated into decision making
processes with relative ease, and can provide appropriate quantifications

of costs and benefits dependant on the situation.

e Bayesian inference can be performed with small sample sizes.

Once the Bayesian model of the data set has been prepared, offline BCD most
often makes use of MCMC (Markov Chain Monte Carlo) methods [132], [133] to
extract features from the data set that can then be used pro-actively to assess
system state. However, MCMC approaches are computationally expensive and
in cases that require real-time analysis, the entire data set would have to be
re-analysed as new data points were collected. As such, sequential algorithms
have been developed, which are capable of handling a constant stream of new
data and and making decisions about the occurrence of a change point based
solely on the data observed to that point [I31]. These algorithms form the
basis of online BCD (OBCD) [135], [136].

The use case fault can be presented as an unsupervised segmentation problem
as the machine transitions from a functional to a non-functional state. BCD
is particularly suitable for this type of problem [137]. It provides a measure-
ment of the probability that, based on the collected information, a change in
behaviour has occurred at a certain point [135], [139]. This can then directly
notify machine operators of the change in machine state, or be used to isolate
the vibrational response of the pump at the point where the solder build-up is
affecting the flow rate. In rare cases where the deterioration of the pipe state
is instantaneous rather than gradual (such as in the case of seal failure), the
change in vibrational response will still be able to inform machine operators

of the need for maintenance.

Successful applications in literature include the assessment of climate records
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to locate change points in climate regimes [139], detecting faults and failures
in valves in an Unmanned Aerial Vehicle (UAV) fuel system [110], and de-
tecting changes in the behaviour of a user of a text-messaging service [138].
Online applications of BCD are used to process live data [135] and predict
the likelihood of newly recorded data being part of a “current run” between
two change points. BCD has also been used for online signal segmentation of
epileptic brain activity [141] as well as activity recognition in a home [130].

The variety of applications demonstrates the flexibility of BCD.

Alongside the number of change points, BCD can also provide an indication
of the size of the changes [139], which can highlight significant events. The
computational cost of this approach increases as the number of time steps
increase, although this can be managed by implementing a maximum length
of time or size of data set for assessment, and storing and reusing previous
calculations [131]. Another drawback of this approach is a sensitivity to the
prior distribution assigned to the change points present in the system, though
this can be overcome by choosing unbiased distributions, using existing exper-
tise to inform the assignments, and tuning the model based on analysis of the

results.

2.4 Research Focus and Areas of Interest

The focus of this research is to find a way to improve factory processes with
minimal disruption to existing processes, while also helping it approach digital
transformation and 14.0 goals. The design and manufacturing methods used
already take advantage of a number of modern, digital techniques. However,
it was established that the current means of generating a production schedule
did not account for sequence dependant setup times, which are also largely
underrepresented in the literature. Additionally, limited literature is available

about the application of generic FD-HM techniques in industrial environments,
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particularly in situations where little to no data is available for the calibration

and testing of those techniques.

2.5 Knowledge Gaps

1. Siemens’ current scheduling method uses a PRBM to create a static
global schedule. A number of rules are used, with the highest weighting
assigned to product due dates in the form of an EDD rule. An additional
priority weighting can be applied in special cases, but in most situations
isn’t necessary. Scheduling is done daily, in preparation for production
the following day. Any failures or additional production requirements are
scheduled on the following day for production the day after. This can
be improved upon by using an optimisation method, which can provide
a better global schedule. Constructing the global schedule from a series
of modules representing local machine groups will allow for faster local
rescheduling in the case of unexpected faults or machine failures, assist-
ing the recovery process. Extant scheduling solutions for production that
includes sequence-dependant setup times are limited and solve problems
specific to individual cases. There is currently no available and customis-
able solution suitable for generating both a global and local schedule for

any production line.

2. Machines currently in use in the factory have at best limited intelligence
as a result of their legacy status and the expenses and difficulties involved
in upgrading them. They are limited in their ability to process and
respond to failures. Scheduling information is received, translated into
processing data and stored locally, becoming only accessible physically.
This creates a sort of local data silo and an opportunity to introduce
additional sensors to supplement the information that can be gathered,

as well as new ways to process that data. The application of a low cost
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sensor and microcomputer can facilitate this data gathering process. The
collected data can be analysed by a BCD algorithm, which will allow
the features indicative of machine faults can be extracted and used to
assess machine states in the future. This can inform users of the current
machine state, as well as potentially the warning signs of upcoming faults.

It benefits from a lack of need for preexisting data and

3. To supplement the retroactive data analysis, OBCD can be used to pro-
vide a real-time indication of the machine state. During each mainte-
nance cycle, incoming data points are compared to the previous observed
data. The likelihood of a change in machine state (and thus the oc-
currence of a fault) can be presented to machine operators to inform

maintenance decisions and assist troubleshooting.

4. There is limited available knowledge about the retrofitting of existing
machinery with low-cost sensors and processors to indirectly monitor
machine health. To address this, the implementation of the presented
methods in an industrial environment will be discussed, alongside means
of and need for breaking down existing data silos and the security con-

cerns facing the use of ITIoT and cloud technologies.

2.6 Summary

This chapter presents a detailed literature review regarding the current trend
towards digital transformation in industry. The development and use of cloud
and IoT platforms has afforded industrial and commercial consumers greater
levels connectivity between the machines, processes and users. Additional
value can be extracted from machines, with more advanced analyses performed
to better understand processes and efficiently interpret and disseminate the
results to relevant users. PaaS and DaaS business models make these digital

technologies more accessible to smaller companies, as does the ability to retrofit
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existing machines with wireless sensors to connect them with IoT networks.
This can further aid the breakdown of data silos, formed as a result of the use of
legacy machines and company structure, and facilitate data integration across
the company. Widespread implementation is stymied by associated risks and
challenges, including security and privacy concerns which include both physical

damage and data theft.

An assessment of the main methods of industrial production scheduling fol-
lows, highlighting a lack of research on sequence dependant setup times. Tra-
ditionally, scheduling in manufacturing environments is done through heuristic
processes, in particular PRBMs and more recently MASs. The use of machine
learning is also briefly addressed. MILP optimisation methods are discussed
in greater detail as a means of fully accounting for the presence of sequence
dependant setup times in manufacturing processes. The general challenges
facing each type of scheduling are outlined, as well as the common means of

assessing the performance of a scheduling method.

Finally, FD-HM methods were reviewed within the scope of the wave soldering
machine use case. As a result of the requirements of the use case, change
point detection is presented as a candidate method for detecting changes in
the behaviour of the machine being monitored. The lack of pre-existing data
and knowledge about machine processes, alongside the intention of creating a
generic solution applicable across the fleet of machines, established BCD as
the best choice for the analysis. The variety of existing applications across
various fields highlighted the flexibility of the approach, although there are

limited examples of industrial applications.

With this background, a number of knowledge gaps have been identified which
coincide with the requirements of the project. The first of these is lack of
research on scheduling with sequence dependant setup times, and the use of
a PRBM scheduler in the Siemens factory. This creates the opportunity to

formulate a new scheduling method, applicable across the variety of factory
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machines and presented in an easy-to-interpret manner to allow for modifica-
tion. The presence of high cost, high value legacy machines with no native
connectivity to local IoT and cloud platforms leads naturally to the develop-
ment of new data analysis and collection methods through the use of attached
sensors. These have to account for the lack of preexisting data and be appli-

cable across a variety of machines and operating conditions.
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Research Approach

3.1 Introduction

As part of the Siemens Vision 2020+ initiative, this research project aims to
find ways of assisting the digital factory transformation with minimal disrup-
tion to the existing processes. The focus of this project is the Siemens factory
in Congleton. The factory already takes advantage of many modern manu-
facturing practices and has a number established production lines of varying
complexity. As such, problems are selected and defined with relation to to the
factory processes. The solutions are intended to be generic, such that they can
be applied across a large number of machines. An additional goal is to ensure
the contributions are non-disruptive, so that their implementation can be done
at low cost without negatively affecting standard manufacturing processes or
requiring expensive upgrades or replacements to machinery. The ties with the
factory offer the opportunity to validate all of the contributions against the

methods currently in place and/or with real factory data.

35
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3.2 Problem Definition

The problems addressed in this thesis can be summarised as follows:

1. The Siemens Congleton factory is comprised of several main production
lines, differentiated by their production volume and product complexity.
The High-Volume, Low-Complexity production line (HV-LC) manufac-
tures the largest volume of products and is made up of a set of different
machine groups connected by a batch transport mechanism. Despite the
high volume and variety of products, the scheduling method in place
does not fully account for the sequence-dependant setup times present

in during production, leading to less efficient production overall.

2. Expensive legacy machinery embedded in the production process lacks
the ability to natively connect to local networks, collecting and stor-
ing information that could otherwise be used to aid in Fault Detection
and Health Monitoring (FD-HM). Limited space and harsh working en-
vironments also make it difficult to attach sensors directly to sites of
interest. Upgrading the machines is prohibitively costly and disruptive
to the production line. A representative candidate for these issues is the
wave soldering machine, which is selected as a use case for this research.
This machine solders components to Printed Circuit Boards (PCBs) by
passing them over solder waves kept at a specific height. The solder wave
height is determined by scheduling instructions collected, translated and
stored locally on the machine. Over time, solder dross builds up in the
pipes, affecting the wave height and leading to the production of unsol-
dered products. It is currently only possible to respond to the occurrence
of faults re-actively by assessing the quality of the products leaving the

machine.

These problems will be presented in greater detail in the following sections.
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3.2.1 Key Challenges

This section outlines the major challenges addressed by this research:

1. The lack of an effective, modern scheduling method capable of dealing
with the particular machine configurations present at the factory. The
current approach, a Priority Rules Based Method (PRBM), is capable of
quickly constructing a "good” schedule for a set of machines or products
but it is generally impossible to tell how close to an optimal solution this
schedule is. It also fails to fully account for the presence of sequence

dependant setup times in the production process.

2. The use case machine (a wave soldering machine) in the factory does
not use the data it records in a productive manner, in the cases where
it does record data. Scheduling information is converted into machine
instructions and stored locally, accessible only physically. Maintenance
is performed on a schedule and fault response is reactionary rather than
being preemptive or predictive. The expected machine behaviour cannot

be accessed in real time or directly.

3. There are limited possibilities for the assessment and integration of schedul-
ing methods and FD-HM approaches in an existing industrial environ-
ment. A few generic benchmark tests are available in the literature but
often do not reflect the reality of a production line, generally failing to
account for scenarios with multiple product types, machine groups and
sequence dependant setup times. There are also limited examples of

real-world industrial digital integration of legacy machines.

3.3 Definition of Validation Methods

The contributions presented in this thesis are intended to be useful and ap-

plicable in industrial situations. The validation methods used are intended to
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demonstrate this, and are outlined below.

Modular Production Line Scheduling Algorithm

The presented optimisation scheduling algorithm will be compared against a
scheduling method representative of the one currently used by the factory. It
will be assessed both in its capability to create local schedules for individual
machine groups as well as a global schedule for a simulated production line,
constructed from a set of machine groups. A set of different product batch

sizes will be used for the individual machine groups.

The optimisation scheduling algorithm will further be assessed on its ability
to generate a schedule using anonymised production data. Both local and
global schedules will be created and compared to those created by a scheduling

method representative of the one currently used by the factory.

Fault Detection-Health Monitoring

The FD-HM methods will be assessed based on their ability to analyse a data
set generated by a test bench intended to simulate the wave soldering machine
use case. The methods are offline and online Bayesian Change point Detection
(BCD and OBCD) algorithms and as such they locate a change point and
infer a behaviour model for the data both before and after the change point.
The location of the change point and the inferred behaviour models will be
compared to data set as well as the data representing the occurrence of the

fault, to demonstrate whether indirect detection of the fault is possible.

The FD-HM methods will further be assessed using a series of artificial data
sets representative of common machine behaviours and faults. Four data sets
have been generated and the online and offline BCD analyses will attempt to
locate the change points present and identify the parameters used to generate

the data sets. These data sets represent: the flow rate drop experienced by the
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test bench; a pump response proportional to the change in internal clearance
as a result of solder dross build-up; a sudden system change, and a temporary
anomalous change in output. Random noise is included in the data sets to
mimic the effect of industrial noise. An initial analysis of a limited set of

machine data will also be presented.

3.4 Research Methodology

The structure of this thesis is presented visually in Figure 3.1. The literature
review covers the current State-of-the-Art (SoA) and identifies knowledge gaps.
These are used to define the thesis contributions, which are split into Schedul-
ing and FD-HM. The FD-HM contribution is further split into a retroactive
application of BCD for fault detection, and an online application of BCD. The
industrial application of the contributions is then discussed. Finally, the con-
tributions are validated using industrial and artificial data before a conclusion

to summarise the findings and future work.
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3.4.1 Modular Production Line Scheduling Algorithm

The factory setup is shown in Figure 3.2, as based on a simplified version of the
Siemens site. The actual setup could not be used due to data security concerns;
however, this setup is considered analogous for the purposes for this thesis.
This is further elaborated upon in Chapters 4 and 6. The production setup is
made up of three modules representing different machine setups: single, serial

and parallel machine setups, arranged in that order.

A Mixed Integer Linear Programming (MILP) approach is used because it is
established to be capable of producing a better schedule than both a PRBM
and Multi-Agent System (MAS) approach [112]. The MILP algorithm devel-
oped in [112] was incapable of accounting for setup times and the research
itself is outside of the scope of this thesis. The extended MILP algorithm
used in this thesis is presented with tutorialisation to allow industrial part-
ners to understand the formulation process. It focuses on solving scheduling
problems that have sequence-dependant setup times, of the sort encountered
in this factory environment. Both a full production line schedule and indi-
vidual machine setup schedules are generated, to highlight the flexibility and

modularity of this approach.

MILP is slower and less responsive than PRBM and MAS approaches. Prod-
uct faults and failures are dealt with on a separate production line that does

not interact with the main one. Response to unplanned machine downtime is

SR
Parallel

Machine
| S

SR
Sinele Machi Serial Serial Serial Parallel
tugle Machune Machine Machine Machine Machine

) S

SR
Parallel

Machine
)

Figure 3.2: Simplified Production Line Setup
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considered outside of the scope of this thesis. However, the slowness of the
MILP approach can be overcome by leveraging the elastic computing capabil-
ities of cloud platforms. Additionally, the approach taken here allows a global
production line to be generated and in cases of disruption to the production,
local schedules can be created more rapidly to facilitate rapid response and

recovery.

3.4.2 Fault Detection-Health Monitoring

The use case selected for the application of the FD-HM was the wave soldering
machine. This machine solders medium to large components to PCBs through
the use of solder waves. Pumps move solder held in a reservoir to form the
waves, which are maintained at a set height as the PCB passes over them.
Over time, solder dross builds up in the pipes between the reservoir and wave
nozzles. The flow rate of the solder is reduced, the wave height drops and

unsoldered PCBs are produced.

Existing methods to measure wave height on a wave soldering machines limited
and expensive, as well as specific to the wave-soldering process. Non-contact
sensors such as eddy current [115] and laser line [116] sensors are expensive and
require bespoke installation handled by the end user, as well as dedicated soft-
ware to access sensor data. Contact sensors, such as the Solderstar Waveshuttle
PRO [117], is another expensive piece of equipment that takes the place of a
product on the production line to run. These solutions are specific to the wave
soldering process and cannot be adapted to other machines in an industrial
environment. In order to meet the requirements as set out in the brief, and
be both generic and non-disruptive, the chosen solution has to be applicable
to multiple machine types and simple and fast to install. This is further com-
plicated by the harsh operating environment and limited space available on
the wave soldering machine, a situation that is not unique amongst industrial

machinery. As such, vibration analysis of the wave soldering machine pumps
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has been chosen as the means of implementing the FD-HM solution.

The process diagram shown in Figure 3.3 shows how the application of the
fault detection system aims to use data analytics for improved process con-
trol in the wave soldering machine. While the machine receives production
instructions from the Manufacturing Execution System (MES), it translates
them and stores the outputs locally. Real-time access to the data is currently
impossible, and the limited space and harsh environment mean that direct sen-
sor measurements are difficult to obtain. Disruption to the machine processes
has been forbidden as part of the project brief. As such, this data analyt-
ics approach is based on non-disruptive data extraction and processing using
Bayesian Change point Detection. A test bench setup has been developed to
replicate the wave-soldering machine behavior as the industrial machine and
environment is not suitable for development. To keep it manageable in a labo-
ratory environment, water is used instead of solder. The difference between the
vibrational characteristics of water and solder should not affect the results of
the BCD so long as the deterioration of the pipe leads to a change in measured

vibrations that the BCD can detect.

The test bench presented here considers the behaviour of a pump moving water
through a closed system. The water tank mimics the solder reservoir, whose
level is maintained through periodic additions of solder ingots. The flow rate
is controlled by a gate valve, which is closed in discrete increments and goes
from completely open to completely closed. It is intended to mimic the effects
of solder dross build up in a wave soldering machine, which takes place over
several weeks. As such, the steady state behaviour of the pump is the most
relevant to this investigation. The blockage caused by the closure of the gate

valve can be calculated by the following equation:

Adearance = T -T2 — (27"2 -cos™! (i) — 0.5dV4r? — dz) (3.1)

2r
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which was derived from Figure 3.4 [143], simplified with the assumption that
r= R and 0 < d < 2r, where r is the radius of the pipe and gate and d is the
distance between the centre points of the gate valve gate and the pipe. If it is
assumed that solder dross build up occurs evenly over the inside of the pipe,

the blockage caused by solder dross can be calculated as follows:

2
Aclea'rance =T X T dear (32)

where 7. is the radius of the remaining clear pipe. Plotting these gives
Figure 3.8. The test bench schematic is shown in Figure 3.5, with a photograph
of the realised test bench in Figure 3.6. Figure 3.7 shows the test bench data
flow. The accelerometer is mounted using bees-wax, which has a resonant
frequency for 29 kHz, which is well above the frequency of the collected data

and ensures that there will be no effect from it on the collected data [111].

As the valve is closed, the change in the fluid’s flow rate is monitored using

the flow rate sensor YF-S201, connected to an Arduino. The vibration of the
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a = area of overlapping

(9) r = radius of the small circle

R = radius of the big circle

d d = distance between the circles
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Figure 3.5: Test Bench Schematic

pump is recorded, using an accelerometer (LSM9DS1), at each increment to
build up its response profile. This data is then processed at a Raspberry Pi 3B,
and the results can be displayed in real time or uploaded to online networks,
including any available IToT networks. In the case of this early version of the
monitoring kit, after initial data processing step, the results are stored locally
for later analysis. This is a result of factory data security measures - collected
data samples can not be sent off-site, so during this development period the

monitoring kit will remain offline.

The change in flow rate as the valve is closed is shown in Figure 3.9. There

is a small drop in the flow rate until the valve is approximately 70% before
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Figure 3.6: Test Bench Photo. Yellow: gate valve; blue: pump and accelerometer;
red: flow meter
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Figure 3.7: Test Bench Data Flow. Solid lines represent physical data collection
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a transition period, and an almost linear drop to no flow from approximately
80% closed onwards. The minimal initial change is a result of the low flow
rates used in this experiment. Pump vibrations are recorded with a sampling
rate of 350Hz. Each collected sample is 10,000 data points in size, collected at
approximately 350Hz over a period of around 30 seconds. This was determined
to be the upper limit of the rate at which the Raspberry Pi could collected
and store data from the accelerometer in use. The accelerometer has a range
of £2g, a sensitivity of 0.061 mg/LSB, and collects samples in the X, Y and
7 axis. Each set of X, Y and Z samples is then converted into the single

magnitude of acceleration value.

3.5 Validation and Implementation

In order to ensure that the methods presented here are relevant and useful,
they are validated through a variety of different methods. The scheduling
algorithm’s performance is assessed by comparison with a representation of the
existing factory scheduler, using sets of 10, 50 and 100 products released to
single, serial and parallel machine groups as well as a simplified production line
setup. A similar comparison will then be done using anonymised production

timings.

Online and offline BCD algorithms will initially be assessed using data collected
from the test bench, followed by a series of artificial data sets representative
of different faults and machine behaviours. The monitoring kit will be used
to collect data from the use case machine over the course of a series of main-
tenance cycles; however, as a result of data security concerns, the data will
have to be stored locally and collected after the monitoring period. In the full
application, it will connect to the local IIoT network to upload the data to
the cloud platform. Finally, initial steps towards industrial implementation are

discussed alongside the possibility of a combined scheduling/FD-HM approach
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for production management.

3.6 Summary

By implementing a series of low-cost, minimally disruptive changes to the exist-
ing factory environment, the Siemens Congleton site can be made more efficient
and competitive. The presented methods leverage modern computational tech-
niques and state-of-the-art technology and algorithms to provide solutions to
existing problems. Improved scheduling will allow the site to reduce otherwise
wasted machine set-up times and decrease the overall production time of large
groups of products. The application of new sensors and data processing tech-
niques will improve the function of legacy machines, catching faults sooner and
reducing the number of faulty products released in a non-disruptive manner. A
combined application of the scheduling and FD-HM methods can lead to bet-
ter informed schedules that work around upcoming maintenance requirements,

and improved response and recovery from unexpected machine downtime.
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Modular Production Line

Scheduling Algorithm

4.1 Introduction

This chapter presents an optimisation approach to scheduling production in a
Siemens factory. Mixed Integer Linear Programming (MILP) is used to cre-
ate an algorithm capable of scheduling multiple product types with sequence
dependant setup times. The intention is to improve upon the existing schedul-
ing system, which uses a Priority Rules Based Method (PRBM) to generate
a daily factory schedule with minimal concern for machine setup times. Mul-
tiple machine setups are considered, as well as a combined “production line”
setup mimicking factory conditions, increasing the flexibility and relevance of
the approach. The construction of the algorithm is presented as a series of
variants representing the different types of machine setup and tutorialised to
make it more accessible . This will provide readers with the knowledge and un-
derstanding required to construct more specialised algorithms to suit specific
industrial environments. The individual algorithm variants will be functional
means of generating local schedules for single, serial and parallel machine se-

tups in small-scale production scenarios or as part of a recovery and response
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process in cases of disruption to production. They can also be arranged to
form different production lines, an example of which will be used to assess
this approach’s performance. The schedules generated will be compared to a

simplified PRBM representative of a standard industrial scheduler.
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4.2 MILP Background

Mixed Integer Linear Programming is a version of Integer Linear Programming
(ILP), which in turn is an extension of Linear Programming (LP). LP is an
optimisation method used to solve problems by maximising or minimising a
linear function subject to linear constraints on the variables. It is a useful
tool for modelling wide varieties of problems, particularly those in planning,
routing and scheduling. It is often the case in these problems that results
have to be constrained to discrete values, such as a number of workers, tools,
or vehicles. ILP adds the necessary integrality constraints to the variables to
represent this quality [145] [146]. These integer variables can also represent
decisions with yes/no outcomes: these are represented by variables constrained
to values of 0 and 1, referred to as binary variables. In cases where both integer

and non-integer variables are used, the problem becomes a MILP.

A MILP problem will generally take the following form [116]:

maxr cx + hy
st. Ar+ Gy(<,=,>)b

x > 0 wnteger

y =0,
x1 Y1
where x and y are the column vectors : and respectively and
In Yp

contain the variables being optimised, referred to as the decision variables. In
this case, the decision variables in x are constrained to non-negative integers,
while those in y are allowed to be any non-negative real value. ¢ and h are row
vectors (ci,...,¢,) and (hy, ..., hy), the objective coefficients associated with
either the costs or revenues being minimised or maximised by the decisions

b1
made by the corresponding decision wvariables. Column vector b = ( 3 >
bm
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generally represents the requirements or amount of available resources defined
by the problem. Matrices A and G have sizes m x n and m X p respectively and
typically denote how much of a resource is consumed or requirement satisfied

by a particular decision.

At this point it is valuable to note that nonlinear objectives and constraints are
not used in these models, prohibiting the multiplication of decision variables,
the maximum of several variables or absolute values of variables. If these
conditions are desired, they must be achieved with different techniques. The
reason for this is that nonlinear constraints significantly increase the difficulty
of the problem. It has been shown that the use of quadratic constraints in
integer programming creates problems that are undecidable [117], which is to
say that an algorithm to solve it cannot exist. Further to that, even if no
solution is found after a large amount of time, it may still not be possible to

conclude that none exists [110].

Defining the constraints for the ILP problem creates a set of feasible solutions:
a set of values for the decision variables that satisfy these constraints. Enumer-
ation can be used to find the solution at this point, but the size of the problem
grows exponentially with the number of elements and makes this impractical
for problems of any significant size [145] [146]. Metaheurstic techniques (such
as local search, tabu search, and genetic algorithms) can fairly quickly locate
local optima, but it is often impossible to tell how close to the global opti-
mal solution the results are. Also, in cases where no solution is found given
a long time, it cannot be known whether that is because there is no feasible
solution. For this reason, several exact solving algorithms have been devel-
oped. The most commonly used algorithms are the Branch-and-Bound and
cutting plane methods. Furthermore, a combination of these two methods,
the Branch-and-Cut method, is frequently used. All three methods are briefly

outlined below.

A first step to solving a ILP problem with the aforementioned techniques
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is relazation: the removal of some of the restrictions or constraints. The
most common of these is the LP relazation, the elimination of the integrality
constraint. This turns the NP-hard ILP problem (which cannot be solved in
polynomial time [66]) into a LP problem that can be solved in polynomial
time [93], the solution of which can then be used to gain information about
the solution to the original problem. LP solvers generally fall into two types:
simplex algorithms [148] and interior-point methods [149], which are currently
considered similarly efficient for routine applications [150]. This presents a
naive solution to the ILP: rounding the solved LP relaxation to the nearest
integer values. However, the results of this relaxation can often be a long way

from the actual solution, or in some cases break other constraints [115].

Branch-and-bound [151] uses the solution of the linear relaxation to determine
the upper bound of the objective value and the associated decision variables.
In the ideal situation, these will be integral and as such will be the optimal
feasible solution to the ILP. Otherwise, the problem is split into two or more
LP sub-problems with additional constraints. These new constraints usually
split the feasible region about one of the original solution’s fractional decision
variables such that it is no longer a valid solution to the linear relaxation,
but the nearest integers either side are: these new problems become the new
branches. These LP relaxations are solved and the results can be interpreted

in the following ways:

o [f the solution is integral, the objective value becomes the new best
lower bound and the associated decision variables become the incumbent

solution. The branch becomes pruned by integrality.
e [f the problem becomes infeasible, the branch is pruned by infeasibility.

o [f the solution has a lower objective value than the current best lower

bound, the branch is pruned by bound.

e [f the solution has a higher objective value than the current best lower
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bound, but is not integral, a new set of branches is created and the search

continues.

This process is repeated until all branches are pruned. At this point, the
incumbent solution is accepted as the optimal solution. When using branch-
and-bound to solve ILPs, there are several key factors that can affect the
efficiency of the algorithm [116] [151]. These include the ILP formulation itself:
formulating it in a way that reduces the gap between the optimal objective
value of the LP relaxation and the optimal objective value of the ILP can
significantly reduce the required number of branches. Branching and node
selection strategies can depend on the solver in use or can be chosen specifically
for the problem. Finally, heuristics are used to quickly provide lower bounds for
the objective values, and better heuristics can provide tighter bounds to prune
worse branches at earlier stages. It should be noted here that while it has been
shown that heuristics do not dramatically impact the ability of a MILP solver
to prove optimality [152], there is a significant psychological benefit to the
user to see a high quality feasible output produced early [153]. Additionally,
should an algorithm be terminated before completion, the heuristic solution
will ensure that the output’s objective value is at least as good as that of the

heuristic.

Cutting planes [154] [155] [156] take the linear relaxation and try to strengthen
it by removing non-integral solutions. This is done by narrowing the search
region, adding "cuts” in the form of valid inequalities that do not cut off
integer solutions but do remove some fractional solutions. Finding the cutting
plane is a separation problem that has to be solved. The aim of these cutting
planes is to remove the optimal LP relaxation solution from the feasible region.
This can lead to a solution to the ILP in one of two ways. The first is by
including enough valid inequalities before solving the LP relaxation, such that
the LP relaxation provides an integer solution. The second is by looping

between solving the LP relaxation and adding new cutting planes until the LP
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relaxation yields an integer solution. However, this approach can suffer from
intractability or numerical instability. Producing a quality cutting plane can
lead to a trade-off with the required running time [110], and it can take an

exponential number of steps to approach an integral optimal solution [156].

The most effective methods for solving ILPs use a combination of both branch-
and-bound and cutting planes in the form of branch-and-cut algorithms [157],
[158], [159]. The linear relaxation is solved and then pruning occurs. At
this point cutting planes can be added if it seems likely to strengthen the
formulation. With these cuts, the relaxation is solved again and the choice to
cut or not cut is made again. If not, branching is done and the process repeats.
Decisions about adding new cuts are made based on the success of previous
cuts, with more cuts typically being added during earlier stages of the process
and fewer deeper in the tree. In cases where cuts are only used to tighten the

initial LP relaxation, the algorithm is referred to as cut-and-branch.

4.3 Problem description

The motivation for this chapter is a Siemens Printed Circuit Board (PCB)
factory that processes a large variety of products across a number of product
families. There are three main production lines: High Volume, Low Complex-
ity line (HV-LC); Medium Volume and Medium Complexity line (MV-MC);
and Low Volume and High Complexity (LV-HC). Each production line man-
ufactures a different set of products. Several of the processing stages include
machines that are shared between the production lines. The focus of this
chapter is the HV-LC line, which has a larger proportion of automated and

predictable processes.

The HV-LC production line is composed of a number of discrete stages, con-
nected by several different transport mechanisms. The first stage involves the

placement of small components on a blank PCB by a Surface Mount (SM)
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Figure 4.1: Transport Trolley: Batch Transport Mechanism

machine, a single machine that sequentially processes individual PCBs. Upon
completion, these are stacked in a trolley (Figure 4.1) and transported as a
batch to the next process once the pallet is full. The machines that follow
perform a number of serial processes on each product. THT (Through Hole
Tech), wave soldering or selective soldering is performed to secure larger com-
ponents to the PCB, followed by resin coating as the products are transported
by conveyor belt. The products are then transported by trolley again to the
next stage. The final mechanical assembly processes and product function
tests are completed on a set of parallel machines. Several component tests are
integrated into the manufacturing processes. Once the products pass these
inspections, they are packaged and prepared for dispatch in another part of
the factory, separate from the production line. The sequence-dependant setup
processes take place after a machine processes a product of one type and the

following product in the queue is of a different type.

A simplified version of the HV-LC production line described above is presented
in Figure 4.2. This is the factory setup that will be used to test the scheduling
algorithm presented in this chapter against a simplified version of the exist-

ing scheduling method. The first single machine represents the SM machine.
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Figure 4.2: Production Line Setup

The serial machines represent the TH'T, soldering and coating processes. Fi-
nally, the parallel machines represent the mechanical assembly stations and

integrated tests.

The factory’s production schedules are currently prepared on a daily basis,
for the following day. A combination of product quotas and custom orders
determines the number and type of processes required. This schedule cannot
be altered - faulty products are taken to a separate production area for repair
and touch-up, while other disruptions to the schedule are dealt with by updat-
ing the schedule for the following day. These schedules are generated using a
weighted PRBM which sorts products based on attributes including due dates,
batch sizes and assigned priority. Rule weightings are decided upon using trial
and error. This can lead to wasted time performing unnecessary setup proce-

dures as production lines swap between processing different product types.

To assess the performance of the MILP formulation, it is compared to a sim-
plified representation of the incumbent Siemens scheduler. This takes the form
of a PRBM that uses Earliest Due Date (EDD) sorting, which, as discussed in
Chapter 2, can provide optimum solutions for reducing the maximum lateness
of delay in a single machine setup. For the parallel machine setup, a First
Come First Served (FCFS) rule is also used, with products being sent to the
machine available soonest. If there is a scenario where two or more machines
are available simultaneously, the one currently set up to process the correct

product type, or with the shortest current processing time, is selected.
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A number of assumptions are made about the system to simplify the simu-
lation. The following, a selection of those listed in [64] and [63], have been

included as they are considered valid in most cases and relevant here:

A machine only executes one operation at a time.

e Once an operation has been started, it cannot be interrupted - there is

no preemption.

Machines are the only limited capacity resource considered.

Jobs are independent of one another.

There is no cancellation of jobs.

Additionally, the time taken to transport products is considered outside of
the scope of the requirements for this algorithm and is assumed to be negligi-
ble. However, the effect of the batch transport between different machines is
accounted for by making the release dates of a batch of completed products
equal to the completion time of the last product in the batch. Furthermore,
discussion with Siemens has allowed the assumption that all machines can be
considered identical for the purposes of testing the MILP formulation, with
a setup time equal to half of the processing time. Likewise, unexpected ma-
chine downtime and product failure are not considered. The former occurs
rarely enough that standard scheduling does not have to account for it, and
the latter is dealt with outside of the standard production line, on a specialised

correction and repair line.

4.4 Problem Formulation

The MILP formulation used in this chapter uses the assignment and positional

date variables X and Y, represented with Figure 4.3a and Figure 4.3b. This
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formulation is developed from the algorithm presented in [112], which was in-
capable of accounting for setup times. The original algorithm and research is
not presented here as it is outside of the scope of the thesis, as it focused ex-
clusively on comparison between different scheduling methods. The presented
MILP formulation is capable of scheduling sets of single, serial and parallel
machines with minor adjustments. The single machine setup is tutorialised to
improve understanding and encourage implementation. It provides a schedule
for multiple product types that require sequence dependant setup times. Us-
ing a cost function, the formulation minimises the sum of the maximum delay
and average completion time. This can be modified to better suit the require-
ments of the user. The formulation’s performance on each of these setups is
presented alongside a combination of the three as a representation of a factory
production line. This provides a realistic idea of its performance and possible

shortcomings.

Assignment and positional date decision variables have been chosen as the ba-
sis for this formulation for a number of reasons. They work by specifying the
position of a job in a schedule and the time at which it will start processing -
most often the time at which the previous job has finished. The use of these
variables creates a compact formulation that can effectively reach near-optimal
results even when constrained by the allotted computation time [91]. Further-
more, it is particularly suitable for solving more complex scheduling problems
that include release dates, deadlines, and precedence constraints such as those
required for sequence dependant setup times [95], and can relatively easily be
extended to account for a variety of machine situations. These decision vari-
ables also allow for the construction of more readily interpretable formulations.
Assignment and positional date variables do generally suffer from loose lower

bounds, but this will partially be addressed through the use of heuristics [91].

The variable X (Figure 4.3a) is a sparse, binary 4D array. The algorithm

works by populating it so that a machine (m) is processing a job (j) of type
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Figure 4.3: Visual Representation of MILP Arrays

(t) at position () if there is a 1 at that position, and a 0 otherwise. There
are p total machines and T product types. A machine can process up to J
total jobs, where J is the number of products being scheduled, and each job is
linked to a particular product. The position [ refers to the production order
on that particular machine. Each product is generated with a type (¢), and

due date (D) and a release date (R).

Based on X and the specifications of the processes and products, the com-
pletion time (C') of each product is calculated. The value of C for a product
processed at position [ on machine m is stored in matrix Y (Figure 4.3b). This
is used by a cost function to assess the effectiveness of a particular schedule

generated by the MILP.

4.4.1 Single machine formulation and tutorialisation

In this section of the chapter, a simplified version of the scheduling problem
will be presented alongside the formulation to demonstrate how the MILP
works. A sample batch of four products (whose details are presented in Table
4.1, in EDD order) will be used. As the formulation is explained, the effects

of each of the constraints will be outlined.

The single machine formulation is the simplest version of the formulation,

where 1 = 1, significantly reducing the size of the matrices formed. This
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makes X 3D and Y a vector. The constraints in use are shown below. Let
the binary variable X;;; = 1 if job j has type ¢ and is assigned to position [ on
the machine; otherwise X;; = 0. Additionally, variable Y; is a non-negative
positional date variable denoting the completion time of the job at position [

on the machine.

D Xu=1, jelJ (4.1)

leJ teT

ZZXM <1, leJ (4.2)

jeJ teT

Constraints (4.1) and (4.2) ensure that all jobs are assigned to exactly one
position on the machine, and that each position on the machine contains at
most one job respectively, regardless of job type. Based on these constraints,
assuming that the MILP has been initialised with values from an EDD sorting
of the products, Table 4.2 shows the resultant X array. Each row represents
a particular product (row 1 represents product 1) and the columns represent
the production order (column 1 represents the first product in the processing
order). As the table shows, X is sparse. The table has also been simplified —

any cells with no products in do not show the zeros for both product types.

>0, lelJ (4.3)

Constraint (4.3) is the non-negativity constraint for vector Y.

Product ID (j) | Due Date (D) | Type (t) | Release Date (R)
1 1 1 0
2 2 2 0
3 3 1 0
4 4 2 0

Table 4.1: Sample Product Batch
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D Product Order
T2 T2 T2 T2
T1 T1 T1 T1
1] Y| o 0 0
21 0 | oF | o 0
3| 0 o | % | o
4l o 0 0 | of

Table 4.2: X Array for the Sample Product Batch

Y>> i+ R)Xu, led (4.4)

jed
Constraint (4.4) ensures that jobs are not completed earlier than their pro-
cessing time (p) added to the release date (R) of the associated product. It
calculates the completion time of the first job (Y7) and the initial setup of the
production line with regards to that product’s type. In the example presented

here, R =0, and p = 1.

Y >Y_+ ijlet + 5:(Xjie — Xja—1ye), leJ:1>2,teT (4.5)

jed
Yi>Yia+ > piXpe—s(Xp — Xjgone),  1€J:1>2t€T  (4.6)
jeJ
Constraints (4.5) and (4.6) calculate the completion time of the product at
position [ (where [ > 2) on the machine, based on the completion time of
the previous product at [ — 1 and any setup times (s). By including both
positive and negative versions of the setup constraint, the order in which the
products appear doesn’t matter. If there is no change in type, the value inside
the brackets is 0 and thus the setup time is 0. Otherwise, it will be 1 or -1.
Whichever of these leads to the largest Y; value will take precedence. Table
4.3 shows the results of these equations and what the resultant Y vector would

look like using the sample product batch, where s = 0.5. In this case, each
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column represents the production order.
Constraint Production Order
1] 2 |3 4

4.4 171 |1 1

4.5 - 11514 4.5

4.6 - 12513 5.5

Y, 1254 5.5

Table 4.3: Y Vector for the Sample Product Batch
C;>Yi—MO1-> Xu), jellel (4.7)

teT

Constraint (4.7) provides the completion time C' of the job j, where M is a
sufficiently large number (with a value of 10 in this case). In this particular
case, C' becomes equal to Y, but in cases with parallel machines, constraint
4.7 guarantees that only the machines that have actually completed jobs by

processing products are the ones recording a completion time.

D; = max(C; — d;,0), jedJ (4.8)

Constraint (4.8) calculates the product delay (D) using the completion time
of the associated job (C;) the due date (d) and is used in the cost function.
Products that are completed before their due date are not delayed and as such

have a delay value of 0. The results of these constraints is shown in Table 4.4.

Product ID | Completion Time (C) | Delay (D)
1 1 0
2 2.5 0.5
3 4 1
4 2.5 1.5

Table 4.4: Sample Product Batch C' and D values

The cost function being minimised is as follows:
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minje, (maz(D;) + ni S0, (4.9)

T jeJ
minimising the sum of the maximum delay and average completion time. The
addition of the average completion time prevents the algorithm from settling
on a low maximum delay solution with a large average completion time. The
cost function can be modified to optimise for a number of different objectives,

with their own weightings depending on the requirements of the process.

In the case of the sample batch of products, when sorting using EDD, the
cost function is equal to 4.75. The effect of the MILP formulation on the
production schedule can be seen in Tables 4.5 to 4.7, and the result of the cost
function is 4.25, a reduction of approximately 11%. From Table 4.5, it is clear
that the processing order has been changed to 1,3,2,4. This leads to only one
set of setup times being required, which means the overall processing time is
reduced to 4.5. In addition to this, only two products end up being delayed,
and the average delay drops to 0.5 from 0.75. The longest delay remains the
same, at 1.5. While this particular example can trivially be solved by hand,
in more complex cases solvers will generally use the branch-and-cut technique

described earlier in combination with heuristic and simplex methods.

D Product Order
T2 T2 T2 T2
T1 T1 T1 T1
1| % o 0 0
2| 0 o | 2| o
30 0 | of | o 0
4l o 0 0 | of

Table 4.5: X Array for the Sample Product Batch after Optimisation

For the sake of comparison, and to demonstrate its effects, a different cost
function will be presented alongside the results of the subsequent optimisation.

The following cost function will minimise the number of delayed products:
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Constraint Production Order
1(3] 2 4
4.4 171 1 1
4.5 - 12|25 4.5
4.6 -12|35 4.5
Y, 112135 4.5
Table 4.6: Y Vector for the Sample Product Batch after Optimisation
Product ID | Completion Time (C) | Delay (D)
1 1 0
2 3.5 1.5
3 2 0
4 4.5 0.5
Table 4.7: Sample Product Batch C' and D values after Optimisation
minje; () _[D; > 0]), (4.10)

jeJ
Where the statement contained in square brackets, D; > 0, represents 1 if it is
true and 0 otherwise. The schedule generated by EDD sorting has 3 delayed
products and as such a cost function of 3. The MILP formulation generates a
schedule with a production order of 1,3,4,2, which has a single delayed product
and as such a cost function of 1. This is an improvement of 66%. However,
the total delay is now 2.5, which is a 66% increase over both the EDD schedule

and the previous cost function.

4.4.2 Serial machine formulation

In this version of the formulation there are m = p machines in series. The
constraints used are similar those in the first formulation, but now include the
machine variable. As such, the binary variable X7 = 1 if job j has type ¢
and is assigned to position I on machine m; otherwise X = 0. Y;™ is now a
non-negative positional date variable denoting the completion time of the job

at position [ on machine m.



Chapter 4. Problem Formulation 66

N> xp=1 jeJd (4.11)

mep leJ teT

ZZ <1, le Jmep (4.12)

jeJ teT

Constraints (4.11) and (4.12) ensure that all jobs are assigned to exactly one
position on only one machine, and that each position on every machine contains

at most one job respectively, regardless of job type.

o>t jeJmepu:m>2 (4.13)

Constraint (4.13) is a precedence constraint. This guarantees that a job cannot
take place on a machine before the prerequisite jobs are completed on the
previous machines. In effect, a product cannot be processed on a machine

before it has been processed on the previous machines.

Y™ >0, mepled (4.14)

Constraint (4.14) is the non-negativity constraint.

V') +R)X)y, melleld (4.15)

jeJ
Constraint (4.15) calculates the completion time of jobs on the first machine,
with the inclusion of product release dates. The following machines do not need
to consider the product release dates, since the products have to be processed

on the first machine before moving on.

Yi" >y 1+Zp}" X+ s X mep:m>2,1=1 (4.16)
jeJ
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Constraint (4.16) calculates the completion time of the first job on all machines

following the first one.

V'V 4 X s (X — X)), m=LlleJ:l>2teT
JjeJ
(4.17)
V'V 4> X, - sH (XD, = XDy y,), o m=11€J:1>2teT
jeJ

(4.18)

Constraints (4.17) and (4.18) calculate the completion time of all jobs on the
first machine, based on the completion time of the previous job on the first
machine and any setup times. As with the single machine formulation, the
inclusion of both positive and negative versions of the constraint means that

the order in which the products appear doesn’t matter.

>V X s (XX, mepim>21€ i 1>2teT
jeJ
(4.19)
V>V X st (XX, mepim>21eJ1>2t€T
jeJ
(4.20)
Constraints (4.19) and (4.20) calculate the completion time of all of the jobs
on the machines m > 1. The values are based on the completion times of the

jobs at the previous machines. The setup times are calculated in the same way

as in constraints (4.17) and (4.18).

C;=Y"=M1-> Xp), jellem=p (4.21)

teT

Constraint (4.21) provides the completion time C' of the job j, where M is a
sufficiently large number (with a value of 10, as defined earlier). In this case,

m is equal to the maximum number of machines, because the products are
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only completed after processing on the final machine.

The constraint calculating the product delay (D) and the cost function are

identical to the ones used for the single machine formulation ((4.8) and (4.9)).

4.4.3 Parallel machine formulation

This version of the formulation is intended to process the scenario with m = pu
machines in parallel. Constraints (4.11) and (4.12) are used here to ensure
that all jobs are assigned to exactly one position on only one machine, and
that each position on every machine contains at most one job respectively,

regardless of job type. The non-negativity constraint (4.13) is also used.

Ym0+ R)Xy,  mepleld (4.22)
jeJ
Constraint (4.22) ensures that jobs cannot be completed before the associated

products’ release dates; however, in this case with parallel machines, a job can

be completed on any machine.

Y,mZYlTlJerT din st (X = X0o 1), mewple:1>2teT
jeJ

(4.23)

Y2V A P X = st X = X)), meple]: l=2teT
j€J

(4.24)

Constraints (4.23) and (4.24) calculate the completion time of a job on a given

machine based on machine availability, the completion time of the previous job

and whether any setup time is required. The value of ¥, generated by these

has to be larger than that generated by constraint (4.22), otherwise (4.22)

takes precedence.
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C;>Y"—=MO1->_Xp), jeJlelmenp (4.25)

teT

Constraint (4.25) provides the completion time C' of the job j. In this case,
any job can be completed on any machine. The constraint calculating the
product delay (D) and the cost function are identical to the ones used for the

single machine formulation ((4.8) and (4.9)).

These formulations are flexible and can be applied to a variety of situations.
The modularity of this approach allows for the construction of scheduling al-
gorithms that suit the configuration of any production line. This fills a gap in
literature by providing a simple, understandable means of optimising a pro-
duction schedule for products with more than one type that require sequence
dependant setup times on machines. Solutions will be generated significantly

more rapidly for smaller groups of machines and fewer products and product

types.

Using a shifting margin for scheduling can reduce the processing time required
by the scheduling formulation. An additional benefit is that a shifting margin
will allow for a faster response to disruption: depending on the requirements of
the factory, failed products can be scheduled for reprocessing, and unexpected

machine breakdown can be scheduled around.

4.5 Example data set results and discussion

Based on the analysis of the Siemens factory HV-LC line and the requirement
for a generic solution, two sets of scheduling comparison methods have been
established. The first of these will use the different machine setups present
in the factory production line. These are: a single machine, three machines
in series, and three machines in parallel. The machines represented by these

groups are defined in Section 4.3. The processing times are identical for each
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machine. Two product types are used (A and B) and assigned randomly. If
a machine is required to perform a job with a product of type B immediately
following type A, or vice versa, it requires a period of setup time, which is equal
to half the processing time. Setup time can vary significantly across processes,
but can take up to 50% of the total processing time [103], so this has been
chosen to represent a theoretical maximum. The setup times used can be
adjusted based on industrial knowledge or the requirements of the user of the
scheduler. As products would be transported around the factory in batches,
they all arrive simultaneously and thus release dates are all identical and can
be ignored. These batches will be identical for each comparison, with randomly
assigned types. The due dates are randomly assigned and identical across the
single and serial simulations. For the parallel machines, the due dates are one
third of those for the single and serial machines, rounded up. Single batches
of 10, 50 and 100 products will be tested, comparing the relative benefits at

different scales of production. These results are presented in Tables 4.8 to 4.10.

The second comparison will use the factory setup represented in Figure 3.2.
This is a simplified version of the full production line as described in Section
4.3. Despite the simplicity, it is considered representative of the original pro-
duction line, and the modules used to construct it could easily be rearranged
and altered to better suit other production line setups. A set of 100 products
with randomly assigned types will be released to the first machine. The due
dates will be randomly assigned, with a larger range than the simulations per-
formed for the single machines. After scheduling and processing there, batches
of 10 products will be released to the serial machines, as per the batch trans-
port used in the existing factory. These products will have release dates equal
to the completion time of the last product to be completed in that set, as
this is the soonest that the entire batch can be transported. This process will
be repeated for the parallel machines. These results are presented in Table

4.11. All of the machine setups are created and simulated using MATLAB
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and Simulink. The optimisation problem is modelled using YALMIP, a tool-
box for modelling and optimisation in MATLAB [160]. YALMIP is a powerful
tool for modelling MILP problems and is capable of automatically selecting
a suitable solver, with inbuilt interfacing for approximately 20 of the most
commonly used. In this case, the MILP problem is solved with the Gurobi 9.1
solver using a student licence [161]. Gurobi is currently the best commercially
available solver based on benchmark testing and has an extensive portfolio of
industrial applications [161]. The solver takes advantage of heuristic methods
to find initial solutions to the MILP problem, followed by the branch-and-cut

method as described earlier.

The most commonly used metrics for evaluating production scheduling are
work in progress (WIP) and product delays [641]. The latter is defined by the
average and maximum delays, and the number of late jobs. WIP is not used in
this case as it is very similar to the other metrics. The final metric to consider
is the overall time taken by the software to create a schedule. The goal of the
scheduling systems is to minimise these metrics, focusing on those considered

most important by the users.

The average delay and the number of delayed products can be used to indicate
the effectiveness of the scheduling system. The average delay is calculated by
dividing the sum of the delays by the number of products. The longest delay
identifies the product with the greatest difference between its due date and
completion time. This can help define the distribution of the delay lengths
— if the difference between the average delay and the longest delay is small,
the overall variance in delay length is also small and vice versa. The total
processing time for all of the products is an indicator of the length of time
required to run the production line being simulated. Minimising this value
would reduce the running costs of a factory. These metrics can be ranked
depending upon the priorities of the manufacturer, and can be weighted to

account for their relative importance. This allows them to be combined into
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a single ”cost function” that provides a measure of the effectiveness of the

scheduling solution.

Alongside these, the final factor worth monitoring is the length of time taken
by the scheduler itself. Due to the complexity of the MILP formulation, this
time increases exponentially as the number of products increases. In contrast,
PRBMs can quickly schedule large numbers of products, and the time taken
to do so increases linearly. As a result of the time sensitive nature of industrial
environments, the MILPs are left to run for a maximum of 10 minutes. The
schedule created by the PRBM can also be used to initialise the MILP. This
saves a significant amount of time as it allows the MILP to start searching
for a solution from an existing schedule, while adding a negligible amount of
time to the overall processing time. In this specific use case, the schedules
are generated a day in advance while the machines are following a schedule
generated the previous day, which would allow for additional processing time.
However, as this is intended to be a more generic solution, this time limitation
makes the results more applicable across a greater range of production lines.
It makes this solution effective in situations where a schedule is required with

limited advance warning.

Number of 10 50 100
Products PRBM | MILP | PRBM | MILP | PRBM | MILP
Average Delay 0.35 0.1 0.78 0.13 3.55 1.28
Longest Delay 1.5 0.5 3 1.5 13.5 8.5
Number of 3 2 26 7 74 25
Delays

Total Process- 12.5 11.5 63 53.5 128 106
ing Time

Cost Function 8.55 6.65 35.02 28.52 77.75 62.11

Table 4.8: Single Machine Results

The single machine results in Table 4.8 show that the MILP approach performs
better than the PRMB. The cost function is reduced by approximately 20%
regardless of the batch size. The reduction in the number of delayed product

is also significant, ranging from 33% at 10 products to 73% at 50 products,
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Number of 10 50 100
Products PRBM | MILP | PRBM | MILP | PRBM | MILP
Average Delay 1.75 0.9 2.28 1.5 4.39 4.39
Longest Delay 3.5 2.5 5 4 14.5 14.5
Number of 9 7 43 38 87 87
Delays
Total Process- 14.5 13.5 65 64 129 129
ing Time
Cost Function 12.55 10.65 39.02 37.06 80.75 80.75

Table 4.9: Serial Machine Results
Number of 10 50 100
Products PRBM | MILP | PRBM | MILP | PRBM | MILP
Average Delay 0.15 0 0.29 0 0.72 0.72
Longest Delay 0.5 0 1.5 0 3.5 3.5
Number of 3 0 19 0 51 51
Delays
Total Process- 4.5 4 20.5 18.5 41.5 41.5
ing Time
Cost Function 3 2.2 12.41 9.38 24.6 24.6

Table 4.10: Parallel Machine Results

and 66% for 100 products.

Table 4.9 shows that the increased complexity resulting from the additional
machines alongside a batch of 100 products has an impact on the MILP’s
ability to provide a solution within the 10 minute time frame. As a result, the
schedule remains the same as that generated by the PRBM. The cost function

reduction is 15% for 10 products and 5% for 50 products.

As with the large batch of products on the serial machines, a batch of 100
products on 3 parallel machines does not provide an improved result in 10
minutes or under (Table 4.10). However, for batches of 10 and 50 products,
all delays can be prevented, and the total processing time reduced by 11% and
10% respectively. The cost functions for these product batches are reduced by

27% and 24%.

In the factory simulation, the MILP performs better in every metric except

longest delay. The cost function is reduced by 2%, and overall processing
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Production Line Simulation Results
PRBM MILP
Average Delay 4.94 2.83
Longest Delay 15.5 18.5
Number of Delays 83 o1
Total Processing Time 159.5 148
Cost Function 107.93 105.68

Table 4.11: Production Line Simulation Results

time by 7%. The average delay and number of delays drop by 43% and 39%
respectively. The longest delay shows an increase of 1%. This is a result of
the single machine sorting process. The cost function prioritises minimising
the sum of the largest delay and average completion times. As a result, as
long as the delay of a particular product is lower than the current maximum
delay present in the system, the MILP formulation will not change it unless
this will also reduce the average completion time of all of the products. Since
the due dates have a larger range and higher values for this simulation, a
larger portion — or all — of the products can be completed early. This means
that products with earlier due dates can be placed later in the order on the
single machine without becoming delayed. As such products are sent forward
in their batches, this limits where they can be sorted. After processing at the
serial and parallel machines, these products can end up significantly delayed.
This problem could be solved by creating a series of due dates for each of the
machines, which will minimise the number of products that could be affected
in that way. Another approach capable of improving the results could be to
tune the cost function. Depending on the requirements of the factory, the
cost function can be weighted to prioritise reducing delays at the expense of
the total processing time. Additionally, by associating machine processes with
other costs such as energy consumption, the cost function can be altered to

prioritise them rather than time and processing metrics.
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4.6 Concluding Remarks

The MILP formulations presented in this chapter are capable of solving schedul-
ing problems that include multiple product types with different machine se-
tups. They are compared to a PRBM that represents industrial scheduling
techniques. By limiting the solving time to 10 minutes, the MILP remains a
viable choice for industrial applications. In addition to this, the MILP can be
initialised with the values from the PRBM, which ensures that its performance
is equal to or better than the standard. The reductions in the cost function
range from approximately 20% for a single machine, 15-5% for serial machines,
and 27-24% for parallel machines. In the scenario representing a factory envi-
ronment, with batch transport of products, the MILP provides improvements
to every metric except the longest delay. A potential solution to this is to
provide individual sets of due dates for every stage at the factory. Despite
this, the cost function is still reduced by around 2%. Alternatively, adjusting
the cost function could have the same effect. Finally, associating costs such
as energy consumption with the machine processes will allow the MILP to

minimise them.



Chapter 5

Bayesian Change point
Detection for Fault Detection

and Health Monitoring

5.1 Introduction

This chapter describes offline and online non-disruptive techniques to detect
a machine fault in a wave-soldering machine in Printed Circuit Board (PCB)
manufacturing. The fault in question is solder build-up in the machine pipes,
which was considered the most common recurring machine fault in the wave-
soldering process by Siemens Congleton. The system maintains a constant flow
of solder in order to provide a set wave height for PCB soldering. Over time,
solder dross builds up in the pipes and reduces the wave height, leading to
unsoldered products that require repairs. Once this is detected, pump power
is manually increased to raise the wave height, compensating for the reduced
pressure. After the power is raised over a threshold, the machine is turned off
and maintenance is performed. This is a reactive process repeated on a weekly
to monthly basis, depending on the length of machine up-time and quality of

solder. The wave-soldering machine has to be shut down during this time,
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for several hours up to several days depending on the severity of the fault.
The goal of the presented techniques is to be low-cost and non-disruptive,
while improving the fault detection rate and reducing the number of released

unsoldered products.

Both techniques presented in this chapter use Bayesian Change point Detection
(BCD). Pump vibrations are recorded as solder build up occurs. The offline
fault-detection method retroactively analyses a full set of these vibrations gath-
ered over a whole maintenance cycle. It can isolate the pump responses that
are indicative of a machine fault as well as informing users of the expected

machine up-time before faults occur.

The online fault-detection method analyses incoming data in real time. Over
a maintenance cycle, as new pump data is recorded, it is compared to the
previously collected data and the likelihood of a change point having occurred
is assessed. This information can be passed on to the machine operators in
real time, presenting the appearance of a fault as the probability of a change

in machine state.
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5.2 Bayesian Change point Detection Back-

ground

5.2.1 Overview of Bayesian Statistics

Bayesian statistics is an approach to data analysis and parameter estimation
based on Bayes’ theorem (equation 5.1) [132], [162]. It uses observed data to
update the available knowledge about the parameters in a statistical model,
and treats unknown parameters as random variables with known prior distri-
butions [163]. Bayes’ theorem revolves around the around the events A and B,
with A usually representing an unknown or unobservable quantity or parame-
ter of interest, and B the evidence, or newly acquired data. It is composed of

the functions outlined in the following paragraphs.

P(A) is the prior distribution of A and the probability of observing the event
without any given condition. A prior distribution is defined by the avail-
able knowledge about the parameters, and is typically determined before data
collection. Priors are generally classified as diffuse, weakly informative, or in-
formative, reflecting the certainty or knowledge about the model parameters
being estimated [132]. Informative priors reflect high degrees of certainty or
knowledge about the parameters. Weakly informative priors incorporate some
amount of knowledge about the parameters but are used when there is less
certainty about the values. These have a relatively smaller impact on the pos-
terior, which would be weighted more by the data observations as expressed
in the likelihood. Diffuse priors indicate complete uncertainty, often just used
as placeholder before analyses are conducted with more informative priors.
Improper priors have distributions that integrate to infinity and can lead to
an improper posterior: this impacts the degree to which the results can be

substantively interpreted.

P(B), the probability of the evidence, is calculable by summing or integrating
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across all values of A, weighted by how strongly we believe in each particular
value of A (where A is the parameter). It is often omitted, as it can be difficult
to calculate and it does not change during a particular analysis. In these cases,
it is treated as a constant/normalising factor. Additionally, it can be used to

asses the model and how well it fits the data. Notably, P(B) # 0.

P(B | A) is the likelihood function, the probability that B would be observed,
given that A is true. It quantifies the extent to which the evidence B supports
the proposition A, for a given choice of A where A is the model parameter.

This indicates the compatibility of the evidence with the given hypothesis.

The term P(A | B) is the conditional probability of A given that B is true
and is referred to as the posterior probability. This is the quantity of interest:
combining both the prior distributions and likelihood function to generate

updated parameters based on observed data.

These functions can be combined to state Bayes’ theorem mathematically as

follows:

P(B | A)P(A)

P(A| B) = IL(B)

(5.1)

The structure of a Bayesian data analysis problem can be expressed most

simply with the following steps [132],[162]:

1. Setup of the full probability model: defining the probability distributions
for the observable and unobservable quantities in the problem. This
model should reflect the current knowledge about the problem or system

being assessed.

2. Conditioning on the observed data: calculating and interpreting the ap-
propriate posterior distribution, the conditional probability of the unob-

served parameters of interest given the observed data.

3. Evaluation of the fit of the model and the implications of the resultant
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posterior distribution: assessing the fit of the model, the conclusions that

can be drawn from the results and the sensitivity of the model.

The final step can either be the end of the process, or an opportunity to refine
or expand the model and repeat the process. In particular, it is a chance to
assess the impact of the chosen priors and decide whether they need to be

updated to better reflect their effect on the overall model.

Fitting a model to the data to obtain the posterior distribution (step 2 of
a Bayesian problem) can be done in a number of ways, both analytical and
numerical. Analytical solutions tend to be lengthy and complex, and can
become intractable as the number of priors and the complexity of the problem
increases [132], [162], [I64]. For this reason, it is often the case that the

posterior distribution cannot be evaluated exactly.

To overcome this, a number of methods have been developed to estimate the
posterior distribution. The most common of these are Markov Chain Monte
Carlo (MCMC) methods, which combine Markov chain processes and Monte
Carlo algorithms [133]. While an overview of MCMC methods was provided
in Chapter 2, more detail will be presented in the following paragraphs to
provide more context and detail for this chapter. Generally speaking, Monte
Carlo algorithms are techniques for estimating integrals from randomly gener-
ated values sampled from a given distribution. In this case, this means a Monte
Carlo integration can obtain a distributional estimate of the posterior distribu-
tion and its associated statistics from a set of samples from that distribution.
However, since it is impossible to directly and independently sample parame-
ter values from the posterior distribution, Markov chains are used. A Markov
chain generates a sequence of values, which, at any given point, are depen-
dant only on the immediately preceding value. By using a specified transition
kernel, which defines the updating procedure of the parameter values within a
Markov chain, the Markov chain is capable of reaching a stationary distribu-

tion of values equal to the posterior distribution of interest. These values can
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be treated as samples from the posterior distribution by the Monte Carlo al-
gorithm, which can then express that posterior distribution for interpretation

by the user.

Markov chains are defined by the specification of the initial parameter val-
ues and transition kernel. These, in turn, are defined by the chosen approach,
which intends to ensure that the generated stationary distribution is the correct
posterior distribution [133]. A number of the most common approaches will
be outlined here [132]. One of the first to be developed was the Metropolis-
Hastings algorithm, which uses a general proposal distribution with an as-
sociated accept/reject step for the proposed parameter value(s) [165], [166].
The Reversible Jump MCMC algorithm extends Metropolis-Hastings and per-
mits the simulation of trans-dimensional jumps within parameter space [167],
[168]. Hamiltonian Monte Carlo is a Metropolis-Hasting algorithm that uses
Hamiltonian dynamics in situations where direct sampling is difficult, if the
sample size is small or if auto-correlation is high [169]. The No-U-Turn Sam-
pler (NUTS) is an extension of Hamiltonian Monte Carlo that is often faster
because it can avoid the need for tuning the model [170]. The Gibbs sam-
pler is another Metropolis-Hastings algorithm where the proposal distribution
is the corresponding posterior conditional distribution, with an associated ac-
ceptance probability of 1 [171]. Particle MCMC uses a combination of Sequen-
tial Monte Carlo (outlined below) and MCMC for problems with analytically
intractable likelihood functions [172]. Finally, Evolutionary Monte Carlo in-
corporates features of genetic algorithms and simulated annealing, allowing
the Markov chain to effectively and efficiently explore the parameter space
and avoid getting trapped at local modes of the posterior distribution [173].
The choice of approach is dependant upon the requirements of the problem

being solved.

A non-exhaustive list of less common methods for model fitting through sam-

pling are outlined here for comparison. Sequential Monte Carlo (SMC) uses



Chapter 5. Bayesian Change point Detection Background 82

multiple importance sampling steps for each observed data point, and is partic-
ularly valuable for online data analysis [174]. Approximate Bayesian Compu-
tation (ABC) is an approximate approach typically used when the likelihood
function is analytically intractable or particularly computationally expensive
[175]. Integrated nested Laplace approximations is an approach developed for
a specific type of model: latent Gaussian models, which include generalised
additive spline models, Gaussian Markov processes and random fields [176].
Variational Bayes approximates posterior distributions via simpler approxi-
mating distributions, which can then be optimised to minimise a loss function
known as the evidence lower bound [177]. Other methods can be found col-

lected in the literature [175].

5.2.2 Bayesian Change point Detection

Offline Change point Detection

Change Point Detection (CPD) is used to find the number and location of any
change points in a data set, where a change point is defined as a change in the
probability distribution of the measured data. When performed offline, this
occurs retroactively, splitting existing data sets into subsections based on the
their expected state. This is done by selecting a parameter of the data - for
example, the mean of the collected samples. Changes to this mean outside
of a range or a trend are considered indicative of a change point. The use of
Bayesian inference as part of Bayesian Change point Detection (BCD) allows
the occurrence of a change point to be presented as a probability based solely
on the available data, while also indicating the size of the change as well.
The methodology for finding a change point in a data set is presented below,

following examples of numerical implementations found in the literature [135],
[179].

The initial step requires the definition of a model for the distribution of the
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collected data. The data can be classified as discrete, continuous or mixed and
the chosen distribution has to reflect that. For this example, it is assumed that
the data is collected continuously over a period of time and can be represented
by a stationary Guassian (or Normal) distribution N(u, o) with a mean value

p and a variance o2,

Assuming that there are J observations, the collected
data points can be given by d = {di,...,d;}i=1, . Finally, the number of
expected change points and the expected effect of a change point is defined.

In this case, which assumes a single change point, which indicates a change in

the mean value of the data set but not the variance, gives the following:

N(uy,0) fort <t
d; = i€l J (5.2)

N(pg,0) fort>r
where d; is any data point, 7 is the change point and ¢ is the time at which the
data point d; is observed. As only the observed data is known, but no infor-
mation about its distribution is known, the change point and its probability

distribution have to be inferred purely from the measurements. This can be

expressed using Bayes’ theorem:

P(d | ILL17ILL27O-7T)P(/’I/17/I/27O-7 7—)
P(d)

Py, o, 0,7 | d) = (5.3)

Equation (5.3) can be solved analytically [164] by marginalising it with respect
to 1, o nd o. This provides an analytical solution to the posterior probability
distribution P(7|d). As discussed above, the posterior probability is a model
parameter inferred and updated by the observed data - in this case, it repre-
sents the inferred probability that a change point 7 occurred at a given data
point d;. However, in many practical cases, analytical solutions can become
mathematically intractable [1358] and as such numerical methods are employed
instead. This requires prior distributions to be assigned to the unknown pa-

rameters P(uy), P(ug), P(o) and P(7), using a best guess based on knowledge
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about the system or process being studied. The level of confidence in this
knowledge will determine the informativeness of the prior distributions, from
informative to diffuse, and care should be taken at this stage to ensure the

chosen priors are not improper.

Once prior distributions have been assigned, this problem is solvable using
readily available tools, as discussed in the previous section. In this case,
PyMC3 is used because of its flexibility and power [138] [180]. It provides
access to a number of MCMC methods that can sample from the given prior
distributions in order to generate the posterior distribution P(7|d). PyMC3
can automatically take advantage of multiple MCMC chains to improve the
quality of the results [181] and discards the first set of samples that form the

"burn-in period” which MCMC methods experience before convergence.

Online Change point Detection

While MCMC is the favoured solution to static Bayesian change point de-
tection problems, it is relatively computationally expensive and would have to
re-analyse the entire data set as new data points are collected. For this reason,
sequential change point algorithms are used, which are capable of handling a
constant stream of new data and making a decision about the occurrence of
a change point based only on the data observed to that point [1341]. This
forms the basis of online Bayesian Change point Detection (OBCD), which
was initially proposed simultaneously by Adams and MacKay [135] and Fearn-
head and Liu [136]. The former uses a recursive message passing algorithm to
calculate the probability distribution of the current "run length”, the distance
since the last change point. Each data set is assumed independent of all others,
as per [182], and an underlying predictive model and hazard function define
the likelihood of a change point at a given run length. The latter proposes
an online algorithm for the exact filtering of multiple change point problems,

enabling direct simulation from the true joint posterior of the number and po-
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sition of change points. Both suffer from a rapidly increasing computational
cost over time as the number of samples increases. A solution is presented in
the form of a maximum sample size, such that old samples are discarded as
new ones come in. An evaluation of change point detection algorithms found
that Adams and MacKay’s algorithm performs favourably when compared to

other existing algorithms [183].

A large portion of existing sequential Bayesian change point algorithms, both
those based on the methods highlighted above and otherwise, impose a prior
distribution on "run length”, which can strongly impact their inference. It is
also considered an unrealistic assumption that the frequency of change point
occurrence is fixed and known in advance [184]. To overcome these issues, this
chapter focuses on the work done by [131], which presents a sequential Bayesian
change point algorithm that allows direct simulation from the exact posterior
distribution on change point locations without imposing any assumptions on
the distance between adjacent change points. This algorithm also maintains
a linear time complexity per time step by storing and adding to previously
calculated distributions rather than rerunning the entire analysis for each new

data point. The formulation of the algorithm is outlined below.

The first step is to make an initial assumption about the data model: for
this example, a linear regression model is used to predict the distribution of
the data. However, it is important to note that a wide range of underlying
predictive models can be used, limited only by the user’s ability to specify an

appropriate model.

Y = ZBZXZ +ée (54)
=1

Equation (5.4) presents the linear regression model used to represent the data
gathered, where Y is a dependant variable with m known predictor variables

X1,...X,,. B, is the Ith regression coefficient and ¢ is the random error term.
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The assumptions made about § and ¢ are the same as in [131], with the same

conjugate priors assigned here for both.

f(Yig) = f(Yiy | X) (5.5)

Assuming that this regression model applies to the data between the start of
the data set up until the change point, and from the change point to the end
of the data set, for each possible subset of the data i : j, the probability of the

data given the regression model is calculated using equation (5.5) and stored.

-1

P (Ylj) = f(Yl:n)f(YnJrltj) (5'6)

1

.

n

In equation (5.6), the probability density of the first ;7 data points containing
the change point is calculated and stored. Starting at the beginning of the
time series, two non-overlapping subsets of data (assumed to be independent
as per [182]) are pieced together. By multiplying together the probabilities
of the two subsets (calculated in equation (5.5)) and summing over all of the
potential locations of the change point, the probability density of the data can

be calculated.

The final quantity that needs to be specified is the prior distribution of the
location of the change point. By using an uninformative prior distribution
which assumes that the location of the change point is equally likely at any data
point, bias in the algorithm can be avoided. From here, sampling from within
the distributions defined above can be performed to ascertain the location of
the change point and the regression parameters for the subsets of data either

side of it.

This is extended in [134] to search for additional change points up to a defined
maximum number of change points k,,.,. This is outside of the scope of this

chapter, but is achieved by extending equation (5.6) such that the term f(Y;.,)
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contains k — 1 change points when calculating the probability of the location of
the kth change point. The prior distribution for the number of change points
is specified, and sampling for change points between 0 and k,,,, takes place
before sampling for the locations of the change points. Additional tuning can
be done based on the values of the linear regression model used, as described in

[134], [139]. A minimum distance between change points can also be specified.

The described algorithm will locate a change point in a single set of data of a
set length [185]. To expand it efficiently to process incoming data points, the
matrices storing the results of equations (5.5) and (5.6) are expanded. New
rows and columns are added to hold the new probabilities calculated for each
newly generated subset of data (by equation (5.5)). A new column is added
for the new probability density P;(Fi.y) where N is the most recently added
data point. The full implementation details for multiple change points can be

found in [134].

5.3 Test bench and data collection

The test bench used to formulate and test the BCD method is presented in
Chapter 3 and considers the behaviour of a pump moving water through a
closed system. It represents the movement of solder through the wave-soldering
machine as pipe blockage takes place over time. An accelerometer attached
to the pump records its vibrations as a gate valve is shut to mimic a pipe
blockage. A flow meter records the corresponding flow rate as the valve shuts

to assess the results of the analyses.

Other test bench setups were considered, including a variant that created a
vertical wave in the water tank whose height could be monitored. The pump
generates a turbulent flow, leading to a turbulent wave. This mimics the chip
wave that PCBs encounter first as they are carried across through the wave-

soldering machines. However, accurate measurement of the top of the wave
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proved difficult as a result of the turbulence. Assuming that all other factors
are kept identical, the wave height is controlled by the flow rate of the fluid.

For this reason, the presented test bench is the one used to collect data.

A fast Fourier transform (FFT) [118] is used to extract the frequency and am-
plitude data from the vibrations of the pump as recorded by the accelerometer.
Figures 5.1 and 5.2 show the results of the FF'T on the vibration data recorded
from an open and shut valve respectively. The difference between the two is
clearly visible, as the peak frequency shifts to the left. A lot of noise is present
in the system — as would be present in an industrial setting. A moving average
filter is used as it can, quickly and with low computational cost, reduce the
noise in a signal [180], and doubles as a low-pass filter to mitigate the possible
effects of aliasing. The solder in the use case might result in different vibra-
tional characteristics. Despite this, the solder blockage should still result in
a change in the recorded vibrations over time, which can be detected by the
BCD algorithm. This is a significant benefit of the proposed methodology: as
long as the input changes in a way that can be detected, the BCD algorithm
will be able to assess the probability that a change point has occurred at a
given point in time. This forgoes the need for calibration procedures, training
data and behavioural models, which are unavailable in this scenario and can

be expensive and time consuming to generate regardless.
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Figure 5.1: FFT of pump vibrations while the valve is open



Chapter 5.  Offline BCD 89

60 T T J T T T T

Power

0 L 'l A I ' '] L s
0 20 40 60 80 100 120 140 160

Frequency

Figure 5.2: FFT of the pump vibrations while the valve is closed

5.4 Offline BCD

5.4.1 Formulation

Figure 5.3 presents the pump data gathered by the accelerometer. For this
chapter data was collected as the gate valve was closed in a number of discrete
increments, going from 0 (completely open) to 25 (completely closed) . Anal-
ysis of the time-domain vibration data has shown that it is not suitable for
the analysis — it does not vary significantly enough across the different valve
states to be a useful feature for predicting the current state. The mean of
the amplitude of the time-domain data is shown to remain roughly constant
throughout. However, the plotted features extracted from the FFT (peak fre-
quency and maximum amplitude) can be seen to respond to the change in valve
state. As such, these are the features used in the BCD algorithm presented in

this chapter.

Since both the peak frequency and the maximum amplitudes are used for the
BCD in an identical fashion, the formulation is only shown for the maximum
amplitude and will follow the implementation outlined in the Offline Change
point Detection subsection above. In this case, the amplitude (A) of the vi-
bration data is continuous and samples are collected over the range of valve
states, V, such that A = {Ay,..., Ay }o—1.v. It is safe to assume that any

given sample for A will have a value that falls within a normal distribution:
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Figure 5.3: Data Extraction from Recorded Pump Vibrations

Ay ~ N(M? U) (57)

It is then assumed that over the range of valve states there is a single change
point, 7, during which p changes to a different value — corresponding to
the point where the mean amplitude changes and the pipe state deteriorates
enough to significantly affect the flow rate. This leads to two p parameters,

one before 7 and one for the rest of the remaining observation period:

N(p1,0) forv<r
Ay = (5.8)

N(pg,0) forv>r

Since only the observed data is known, but no information about its distri-
bution is available, the change point and probability distribution have to be
inferred purely from the measurements. This can be expressed using Bayes’

theorem:

P(A|:u17 H2, T, T)P(MIJ M2, 0, T)
P(A)

P(/,Ll,/,LQ,O',TlA) = (59)

Prior distributions are now assigned to the unknown parameters P(u1), P(u2),



Chapter 5.  Offline BCD 91

P(o0), and P(7). Based on the observed data, the following prior distri-
butions are assigned: pu; ~ Uniform(100,200), uy ~ Uniform(100,200),
o ~ Uniform(0,100), and 7 ~ Discrete, Uniform(0,25). Since the actual
values for p;, ps and o are unknown, their prior distributions are assumed
to be uniform over a range informed by the observed data. The value of 7 is
also unknown, but is known to be discrete as it has to be one of the tested
valve states. Uniform distributions have been assigned to all the parameters
to avoid biasing the BCD. However, other distributions can be used based on

knowledge about the system in question.

Once the distributions have been assigned, this problem is solvable using read-
ily available tools: in this case, PyMC3 is used because of its flexibility and
power [138], [180]. It uses MCMC methods, which generate samples from the
given prior distributions and compares them to the existing data in order to
generate the posterior distributions. In this case, the method used is adaptive
slice sampling [181], chosen because of its suitability for sampling from discrete
data distributions. Multiple MCMC chains are used to improve the quality of
the results [187], with the first set of samples being discarded as part of the
“burn-in period” which occurs before convergence. With this done, the dis-
tribution of 7, uy, o and o can be plotted with simple functions of PyMC3.
The plot of 7 shows the likelihood of the change point occurring at any given

valve state.

5.4.2 Results and discussion

From Figure 3.9, it can be seen that flow rate reduction because of pressure
drop is minimal until valve state 18 — approximately 75% closed. After this

point, the flow rate reduction appears to be linear.

Figure 5.4 shows the plotted distributions of 7, uy, ue and o when applying

the algorithm to the extracted maximum amplitudes. The higher value of
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fo over py confirms that a change point has occurred and the amplitude of
the pump vibrations increased as the valve was shut. The lack of an overlap
between the values increases the certainty in the result [138]. The 7 plot shows
that the probability of the change point occurring is highest at valve state 19,
although it does indicate a possibility of a change point as early as state 17.
This corresponds with the flow rate plot in Figure 3.9. This information can
then be plotted back onto the original amplitude reading to show the expected
values, shown in red, based on the change point probabilities (Figure 5.6).
The cumulative sum of 7 is used to calculated the expected values: while

“;211}7' = 0, the expected value is p1, and when 2521{7' = 1, the expected
value is pg. As 7 is a distribution over several valve states, the change in the

cumulative sum of 7 is reflected as a proportional change in the expected value

from pq to ps.

Performing a similar analysis using the peak frequency gives the results plotted
in Figure 5.5. In this case y; is greater than uy as the frequency drops as the
valve closes. 7 indicates the change point is most likely to have occurred at
valve state 23, with lower chances of it being at state 22 and 24. Calculating
the expected values and plotting them against the original frequency readings

shows that they follow the frequency change very closely (Figure 5.7).
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Figure 5.4: Posterior Distribution of Amplitude Parameters

This data analysis has shown that it is possible to use pump vibrations to assess
the state of a system. It is possible to generate two different sources of data

from a single vibration sample, which can then be used by the BCD algorithm
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to retroactively identify the points at which the flow rate begins to decrease.

Furthermore, this is done with a very small sample size. The predicted change
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Figure 5.8: Flow Rate and Predicted change points Against Valve State

points can be plotted against the recorded flow rate to demonstrate the effec-
tiveness of the BCD based on the information it used (Figure 5.8). Analysis
using the amplitude leads to earlier detection, which is valuable in situations
where the processes involved are sensitive to any change. Analysis using the
frequency leads to later detection, useful in processes which are less sensitive
to changes and do not require immediate maintenance. In this case, the wave
soldering machine chosen as a use case is sensitive to rapid changes in flow

rate, so earlier detection is desirable.

This fault detection would be performed using the extracted p values for the
amplitude and frequency of the pump vibrations. As the pump behaviour was
effectively segmented by the change point into healthy and faulty behaviour,
it can be assumed that an amplitude or frequency reading of y; would indicate
healthy behaviour. With this knowledge, pump vibrations could be monitored
live and a user notified if the extracted amplitude or frequency fell outside of

the distribution presented in Figures 5.4 and 5.5. Larger deviations from the
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expected value can be flagged as requiring more urgent attention. Depending
on the rate of data acquisition, a moving average can be used to smooth out the
fluctuations in the readings. As the readings approach ps, it can be assumed
with greater confidence that the pump behaviour is trending towards faultiness.
The values of u; and ps can be refined over time. Additionally, a value of p that
fell outside of the ranges of p; and ps could effectively identify any anomalous
behaviour. Finally, the length of time taken to reach the change point can be
interpreted as the length of machine up-time during which behaviour can be
assumed to stay healthy. This assumes that the deterioration of the machine
is proportional to machine up-time, which is the case for the wave soldering

machine use case in question.

The offline BCD analysis offers a number of advantages over comparable meth-
ods. Despite the retroactive nature of the analysis, the extracted features can
be used to assess machine health in real time. The pump responds to the
transition from healthy to faulty behaviour as it happens, leading to a re-
sponse that can take place during said transition at the earliest. As the flow
rate drop does not accelerate immediately, rapid response on the part of the
user can prevent or reduce the production of unsoldered PCBs. It offers a
number of benefits over comparable methods: for example, the use an ana-
lytical model that captures expected behaviour for comparison with observed
behaviour can similarly detect faults as they take place [120] but requires sig-
nificant knowledge of the system in order to build a sufficiently detailed model
that accurately represents the system’s behaviour. This knowledge can be time
consuming and expensive to obtain, especially in cases where system experts
are not available [38]. Similarly, machine learning techniques, such as the use
of an Artificial Neural Network (ANN) [121], require well labelled training
data that captures both healthy behaviour and all possible variations of the
faulty behaviour to be detected. Normal blockage detection techniques are

significantly affected by the locations of the sensors relative to the blockage
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[128], another issue that this method circumvents as a result of the require-
ment to indirectly monitor the pipes due to the harsh working environment.
Furthermore, this particular application of offline BCD analysis demonstrates
its capability to analyse small sample sizes, a benefit of the use of Bayesian in-
ference [131]. This demonstrates that initial results can be collected even with
a limited data set. The drawback is the reduced precision of the results: for
example, the location of the change point can only be stated with relation to
the number of valve states, each of which represent a change of approximately
5% in the pipe clearance. This is likely to be partially responsible for the
later detection of a change point by the peak frequency analysis. However, the
small sample sizes do allow for quick initial analyses to take place before more
involved investigations are performed. Larger samples sizes can be processed
to increase the precision of the results (in the form of a more accurate change
point location distribution) at the cost of increased processing time. The BCD
algorithm is also data agnostic, which is particularly suitable for the intended

future application across the machine fleet.

5.5 Online BCD

5.5.1 Formulation

This chapter uses an extended version of the data set presented for the offline
BCD, as shown in Figure 5.9. A total of 250 samples have been taken as
the valve goes from fully open to fully closed. The same features are used
in the online analysis (peak frequency and maximum amplitude) as the mean
amplitude doesn’t vary significantly as the valve closes. The application of the
algorithm is further modified such that the complete data set can be submitted
and it will perform the OBCD process one data point at a time, to mimic

incoming live measurements.



Chapter 5.  Online BCD 97

SD T T T T T I T I I
Peak Frequency
70 Max Amplitude
Mean Amplitude
o 60 .
©
2
- 50 -
= | i I
= )
[
f
Saol 1
o
o
W20+ i
10 .
D 1 1 1 1 1 1 | | l
0 10 20 30 40 50 60 70 80 90 100

Valve Closure (%)

Figure 5.9: Data Eztraction from Recorded Pump Vibrations (Extended)

The algorithm is based on the modified version of the sequential BCD algo-
rithm described in [134], and adapted as shown earlier in the chapter to detect
a single change point in the data sets used. The modified algorithm used is
presented below, with the variable for the data set of interest substituted in
in place of the generic variables presented earlier. As the algorithm processes
the peak frequencies and maximum amplitudes in the same way, the following
example will be presented for only the peak frequency. An initial assumption
is made about the data model: for this example, a linear regression model is
used to predict the distribution of the data. Both a linear and constant model

are used in the final application, for the frequency and amplitude respectively.

F=> BVi+e (5.10)

=1

Equation (5.10) presents the linear regression model used to represent the data
gathered, where F' is the frequency of the pump vibrations and Vj is the level
of valve closure. f; is the [th regression coefficient and ¢ is the random error
term. The assumptions made about /5 and ¢ are the same as in [131], with the

same conjugate priors assigned here for both.
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f(Fij) = f(Fi[V) (5.11)

Assuming that this regression model applies to the data between the start of
the data set up until the change point, and from the change point to the end
of the data set, for each possible subset of the data i : j, the probability of the

data given the regression model is calculated using equation (5.11) and stored.

j—1

Py(Fy) = Z F(Frn) f(Foga) (5.12)

n=1

In equation (5.12), the probability density of the first j data points containing
the change point is calculated and stored. Starting at the beginning of the
time series, two non-overlapping subsets of data (assumed to be independent
as per [182]) are pieced together. By multiplying together the probabilities of
the two subsets (calculated in (5.11)) and summing over all of the placements

of the change point, the probability density of the data can be calculated.

The final quantity that needs to be specified is the prior distribution of the
location of the change point. By using an uninformative prior distribution
which assumes that the location of the change point is equally likely at any data
point, bias in the algorithm can be avoided. From here, sampling from within
the distributions defined above can be performed to ascertain the location of
the change point and the regression parameters for the subsets of data either

side of it.

The described algorithm will locate a change point in a single set of data of
a set length. To expand it efficiently to process incoming data points, the
matrices storing the results of equations (5.5) and (5.6) are expanded. New
rows and columns are added to hold the new probabilities calculated for each
newly generated subset of data (by equation (5.5)). A new column is added

for the new probability density P;(F}.y) where N is the most recently added



Chapter 5.  Online BCD 99

data point. The full implementation details can be found in [134].

5.5.2 Results and Discussion

Figure 3.9 shows that the flow rate reduction as a result of the valve closure is
minimal until the valve is approximately 70% shut. A short transition period
can then be seen until the valve is about 80% shut. The flow rate reduction
from that point on is nearly linear until it reaches 0 litres/s. During the
experiment, a total of 260 pump vibration samples were collected as the valve
went from completely open to completely closed. This version of the algorithm

was run on MATLAB, but has also been translated to Python.

Fig. 8 plots the extracted amplitudes against the resultant posterior probabil-
ity of the change point’s location as calculated by the algorithm. It suggests
that a change point has taken place as the valve is 70% closed and shows a
high certainty over a small area. This corresponds with the start of the tran-
sitional flow rate period in Figure 3.9. A plot of the linear model inferred by
the algorithm can also be seen in green in Figure 5.10. It follows the collected
data quite closely up until the last few readings. Had there been additional
samples collected afterwards, the algorithm would have adjusted the inferred

model to better match the data.

Performing the same analysis on the peak frequencies gives the results plotted
in Figure 5.11. In this case, the change point is detected later, when the
valve is approximated 80% closed, and the posterior probability is lower and
spread over a larger area. It corresponds more closely with the end of the
transitional period of flow rate noted in Figure 3.9. The inferred model follows

the extracted frequencies very closely.

Plotting the posterior probabilities of the change point as calculated from the
amplitude and frequencies extracted from the pump vibrations against the flow

rate produced by the pump as the valve is closed produces Figure 5.12. By
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Figure 5.10: Predicted change point based on Extracted Amplitudes. The inferred
linear model is represented in green.

applying this algorithm to the two different sources of data extracted from the
pump vibrations, it has been demonstrated that the state of this system can be
assessed by the vibrational response of the pump. Using the amplitude leads to
an earlier detection of a change point, which is valuable in processes sensitive to
changes in the monitored parameters. The frequency leads to a later detection
of the change point, more valuable in processes that do not require immediate
maintenance or are less sensitive to changes. The wave soldering machine use
case presented in this chapter falls into the former category and benefits from
early detection of a change in flow rate so that maintenance can be performed

before faulty products are released.

Similarly to the offline analysis, the OBCD algorithm allows for the detection of
a change point during the transition between healthy and unhealthy behaviour.
This means that a prompt response can significantly reduce the number of
unsoldered products that require repairs. However, it should be noted that it
is difficult to assess the exact response time of the OBCD to a change point,
and further analysis might be necessary to establish how quickly the algorithm
can notify a user and allow them to take the relevant action. Despite this,

the OBCD algorithm functions without the use of a supplementary analytical
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Figure 5.12: Predicted change points plotted against the Flow Rate

model [120] or labelled training data sets [121], and is unaffected by location
of the blockage relative to the sensor [128]. Additionally, like the offline BCD
method, the data agnostic nature of OBCD is a significant benefit and suits

the intended generic application across a machine fleet.
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5.6 Concluding Remarks

This chapter presents a new application of BCD for detecting an industrial
fault in a wave-soldering machine. The BCD formulation is used to identify
the point at which flow rate reductions happen as a result of the pressure drop
caused by solder build-up in a pipe. It is assessed on a test bench analogous
to a pump system in an industrial wave-soldering machine. A low-cost, non-
disruptive monitoring device is used to collect pump vibration data to monitor

machine states.

The BCD then successfully generates the likelihood of a change point occurring
when the flow rate is reduced. The location of the change point depends upon
the features used in the analysis, but it is generally detected either at the start
of or during the transitional period leading to significant flow rate reduction.
This information can then be used to extract and identify features that indicate
the transition towards the faulty behaviour, as well as to provide an indication
of the length of machine up-time that leads to faults. These features can
help machine operators better identify machine states and inform maintenance

procedures before the flow rate, and thus production, is significantly affected.

Following this, an online BCD algorithm adapted from existing literature and
applied to the industrial use case. A test bench analogue is used to simulate
pipe blockage due to solder build-up in a wave-soldering machine. The pipe
state is indirectly monitored using a cheap, non-disruptive device that collects
vibration data from the pump feeding the system. The collected data has
two features extracted from it, the maximum pump vibrational amplitude and
peak frequency as the valve is closed. The OBCD algorithm then generates
the likelihood of a change point having occurred in the flow rate as a result
of the pipe blockage. This information is processed online and can be used
to identify the current machine state (differentiating between a faulty and

non-faulty state) and informs machine operators of the need for maintenance.
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Both the offline and online BCD algorithms allow for the real time response
to faulty machine behaviour before the flow rate is too greatly affected by
the valve closure. Thus, they can reduce the number of unsoldered products
released by the machine. The offline BCD in particular can perform a suc-
cessful analysis even with a small data set, and both require minimal system
knowledge and little-to-no additional data sets for training or calibration. This
makes them particularly suitable for the intended generic application across a

machine fleet.



Chapter 6

Industrial Application and

Validation

6.1 Introduction

This chapter presents the implementation and validation of the previously pre-
sented contributions using Siemens data. The Mixed Integer Linear Program-
ming (MILP) scheduling algorithm is tested with machine processing times
representative of those found in the factory. It is compared against a Pri-
ority Rules Based Method (PRBM) representative of the factory scheduler.
The offline and online Bayesian Change point Detection (BCD and OBCD)
algorithms are tested on a limited data set collected from the Siemens Con-
gleton site and also on a number of artificial data sets intended to replicate
a variety of machine behaviours. Initial steps towards data collection from
Siemens factory Congleton was started but could not be completed as a result
of COVID-related delays. However, the first steps towards integration with the
existing Industrial Internet of Things (IIoT) network were taken. Finally, the
combination of both systems integrated in a factory environment is discussed.
The scheduling algorithm can provide an overall global schedule as the fault

detection method monitors the machines so that any anomalies or faults can

104
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be responded to quickly. The production schedule can then be updated locally

to reflect these issues and recover from them quickly and effectively.
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6.2 Modular Production Line Scheduling Al-

gorithm Validation

6.2.1 Methodology

The scheduling algorithm is tested on anonymised machine data and produc-
tion timings from the Siemens Congleton production line. It includes both the
product processing times and the sequence dependant setup times (referred to
as ”changeover times” in the factory). The factory setup in 4.2 is used as it
was agreed with Siemens that it was a suitable representation of the existing
production line for the purposes of the validation, assuming that the inspec-
tion times are accounted for in the production times. Two product variants,
with effectively identical production times, that are processed on the same line
have been selected. The same cost function is used to optimise the schedule,

as is the same PRBM for comparison.

As in Chapter 4, a set of 100 products is generated, with random product types
and due dates. These are scheduled for processing on the full production line
and the results are compared to the schedule generated by the PRBM. It is
assumed that there are no unplanned machine failures. Product failures are
also ignored: in the factory environment, any products that require touch-
ups or repairs are processed on a separate production line instead of being

rescheduled or reprocessed on the same line.

Additionally, production schedules for separate single, serial and parallel ma-
chines setups are generated using the individual algorithms. These will use
the same production and setup times used in the full factory simulation. New
due dates will be generated, as those used for the full factory simulation are
unsuitable. This is intended to demonstrate the capability of the individual
algorithms to generate local schedules, as well as the flexibility of the approach

to conform to any factory setup. In this way the global schedule generated
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by the full factory simulation can provide an overall optimal or near-optimal
schedule, and any local disturbances (such as the aforementioned unplanned

machine downtime) can be recovered from quickly and effectively.

6.2.2 Results and Discussion

The MILP scheduling algorithm was run on both the production line setup and
the individual machine setups using the times generated using the anonymised
factory times. This is intended to show that the scheduler is flexible and a
generic solution to scheduling in general. A global factory schedule can be

generated, or local schedules suited to specific machine setups.

The results of the individual machine setups is shown in Table 6.1. The results
follow the patterns shown in Chapter 4. The single machine setup reduces the
cost function by 3%, smaller than the improvements shown earlier as a result of
the relatively smaller setup times. The longest delay and total processing times
are improved by 23% and 3% respectively. However, as a trade off, the average
delay doubles and the number of delays increases from 10% to 18% of the total
number of products. The serial machine setup shows no improvement between
the PRBM and MILP as a result of the time constraints applied to solver and
the high complexity of the problem. With additional time or a smaller group of
products, the MILP would be able to provide an better schedule. The parallel
machine setup shows a significant improvement in the total processing time -
a 16% reduction - and a halving of the average delay, but the longest delay
and number of delays more than double. The cost function is still improves
by 3%. Adjustments can be made to the cost function as required to shift the
focus of the MILP, for example to reduce the number of delays instead of the

total processing time.

The results of the production line simulation are shown in Table 6.2 and cor-

respond with the findings in Chapter 4: in all metrics bar longest delay, the
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results of the MILP are an improvement over the PRBM. The average delay
and number of delays improve by approximately 37% each. The total process-
ing time decreases by 21%, and the cost function shows a reduction of 15%.

The longest delay increases by 28%.

Single Serial Parallel

PRBM | MILP | PRBM | MILP | PRBM | MILP
Average Delay 0.06 0.12 1.41 1.41 0.12 0.06
Longest Delay 1.7 1.3 23 23 D 12
Number of 10 18 19 19 6 15
Delays
Total Process- 105.8 102.5 575 575 246 206.5
ing Time
Cost Function 55.06 53.2 313.82 | 313.82 | 130.55 | 126.15

Table 6.1: Validation Simulation Results: Single, serial and parallel machine setups

Production Line Simulation Results
PRBM MILP
Average Delay 4.81 3.02
Longest Delay 37.3 47.8
Number of Delays 24 15
Total Processing Time 616.3 485.8
Cost Function 378.8 322.03

Table 6.2: Validation Simulation Results: Production line setup

The potential improvements in the overall production schedule are significant,
but might be exaggerated by the particular setup used. Exact processing
and setup times will affect the results, as will any additional rules used by
Siemens’ PRBM. Despite this, the benefit of using the MILP formulation will
still offer an improvement to the existing system, since it searches for the
optimal schedule and cannot perform worse than the PRBM. The additional
flexibility afforded by the customisable cost function and modular MILP design

is a significant improvement over the static PRBM.
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6.3 BCD Fault Detection and Health Moni-

toring Validation

6.3.1 Background and Methodology

The offline and online BCD algorithms were intended to use data collected
from the wave-soldering machine use case. The kit used to gather data from
the test bench has been adapted to function in a plug-and-play manner, with
minimal requirements for oversight. As a result of data security concerns, the
kit could not be programmed to send the collected data samples offsite using
the local internet connection. This meant that it had to stay on site over
a period that included several maintenance cycles before being returned for
processing. The security concerns centred around the fact that this kit was
a non-Siemens development kit and thus potentially insecure. Such a device
could have provided an access point for malicious software or agents, compro-
mising the security of the network and possibly risking sensitive Siemens data

or opening the network up to attack.

Figure 6.1 is an overview of the basic processes of the wave soldering machine.
Incoming boards are loaded on a conveyor belt. Flux is applied, in this case
by spray, though foam is also used. Flux is intended to remove oxides from the
board, improve heat transmittance and provide a smoother soldering process.
The board is then preheated to activate the flux, evaporate volatiles and re-
duce the thermal shock as the board meets the solder. The boards then travel
over two solder waves. The first is a chip wave, which provides a turbulent,
fast flowing wave intended to ensure that the liquid solder reaches all of the
chip components and joints. This is followed by a A (Lambda) wave, which has
an asymmetrical, laminar and slow flow. It completes the formation of solder
fillets and removes excess solder, preventing bridging between components. Fi-

nally, soldered boards have to cool at a rate that avoids thermal shock, though
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Figure 6.1: Wave Soldering Line Processes

the time spend on this is minimised as much as possible. In most cases cooling
takes place on a conveyor belt below the flux, preheating and soldering pro-
cesses. On the use case site, soldered PCBs pass through Automated Optical

Inspection (AOI) to identify any fault, before they exit the wave soldering line.

The most common production faults are a result of low solder wave height, as
described in Chapter 3. As per [188], these faults can take a variety of forms.
The most common of these will be outlined here. The first is insufficient solder
topside fillets, in which joints are not sufficiently soldered in place (Figure
6.2a). Similarly, insufficient solder bottom side fillets (Figure 6.2b) describe a
lack of solder on the reverse of the board. Finally, solder skips (Figure 6.2¢)
describe the situation where the component has not been soldered during the
soldering process. It is worth noting that a variety of factors can contribute to
the occurrence of some of these faults. However, most of these other factors
are associated with static machine settings or board design, and addressing

them falls outside of the scope of this thesis.

The wave soldering machine has two separate solder pumps connected to the
same reservoir. One supports the chip wave and the other supports the A
wave. Figure 6.3 shows the connected accelerometers, placed in 3D printed
cases to avoid direct contact with the pumps which operate at temperatures
outside of the accelerometers’ operating range. Permanent magnets are used
to secure them to the pumps [I11] instead of the bees-wax used for the test
bench as a result of the high temperatures (>100°C). The resonant frequency
of a magnet mounting is about 7kHz, which is significantly above the expected

pump frequencies and as such will not affect the measurements. Accelerometer
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(a) Insufficient Topside Fillet

o Uy

(b)  Insufficient Bottom
Side Fillet

(c) Solder Skips

Figure 6.2: Notable Faults Caused By Wave Soldering Process
[188]

1 (Figure 6.3a) is the one used in the test bench, LSM9DS1. The range is set
to £2g to maximise the sensitivity, which is 0.061 mg/LSB. Accelerometer 2
(Figure 6.3b is an LIS3DH accelerometer set to the same range and sensitiv-
ity as pump behaviour is not significantly different across both pumps. The
maximum frequency range of both is capped by the capacity of the Raspberry
Pi used to collected the data, at approximately 350Hz. Baseline data for the
wave soldering machine pumps has a listed baseline setpoint of 1600rpm [189],
which can be converted to 26.7Hz. This is well below the Nyquist limit of the

sampling frequency [190].

The initial data collection process collected a sample every half hour over
the course of a month. Each sample recorded approximately 30 seconds of
vibration data made up of 10,000 data points collected at approximately 350Hz,
and processed using a Fast Fourier Transform (FFT) to get the corresponding

amplitude and frequencies. The maximum amplitude and peak frequencies
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(a) Accelerometer 1 on Machine Pump 1 (b) Accelerometer 2 on Machine Pump 2

Figure 6.3: Accelerometers on the Machine Pumps

extracted from these samples is plotted in Figure 6.4. The plot appears to show
a number of clear transitions between different states. However, initial analysis
suggested that these change points did not correlate with any events logged
by Siemens. Further pump analysis also showed that the pump operates at
different power levels dependant on the current product type being processed.
This changes the wave heights to suit the design of the product’s board. As
the wave soldering machine processes multiple product types over the course
of a half-hour period, the pump power levels will likely have changed multiple

times over said period and a lot of information is lost.

To compensate for this, the data collection process was adjusted such that
samples were collected every minute, with the features extracted immediately
after collection to reduce the amount of data storage required. Unfortunately,
as a result of COVID and related delays, it was impossible to complete the

required data collection in time for analysis here.

Additionally, the machine’s production schedule/maintenance timings were un-
available in the necessary time frame, limiting the potential of the BCD as well

as the ability to accurately validate its performance. This information would
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have allowed the data to be filtered such that only readings from a single
pump power level were present for analysis. Alternatively, the readings could
have been normalised with respect to the pump power level, potentially creat-
ing a larger, more cohesive data set and reducing the risk of missing features

indicative of a fault.

Without this information, a best guess could to be made to filter out the pump
behaviour at a particular power level and attempt to locate a change point in-
dicating a fault. However, if the filter band is too narrow, it could remove
the fault-indicating feature. If the band is too wide, it could include changes
between different power levels, which the BCD algorithm might pick out in-
stead. This limits the BCD to segmenting the data and potentially replicating
information available in the production schedule. The exact pump power levels
are recorded locally, but have to be accessed and extracted physically from the
machine. This is a form of data silo and is likely to be present is a large num-
ber of machines around the factory, especially ones with proprietary software,

unique data types, or lacking up-to-date IoT connectivity.

For this reason, four artificial data sets have been generated to test both BCD
methods. These data sets are intended to mimic pump responses to different
conditions. They represent either a filtered pump data set, such that only one
power level is represented, or potentially a normalised data set that adjusts
each data point proportionally to the pump power level at the time of its
observation. As such, the maximum natural pump response is capped at 100,
to represent pump operation at 100% power. Random noise with a uniform
distribution of between 10 and -10 is added to each of the data sets to mimic
the effect of random industrial vibrations. The specific conditions and the

values used to generate each data sets will be outlined below.

The first data set, shown in Figure 6.5a, mimics the flow rate drop experienced
by the test bench: the pump response begins at 100 and experiences a slight

linear drop. This is followed by a transitional period, and a larger linear drop
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Figure 6.4: Features extracted from half-hourly samples collected from Machine
Pump 1
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to 0. The initial linear drop has a gradient of -0.1 and the second linear drop

has a gradient of -3.33. The transition occurs between the times 65-75.

The second data set, Figure 6.5b, assumes that the pump response is propor-
tional to the change in internal clearance as solder dross build up over time. It
takes the form of a stretched quadratic curve, starting at (0,100) and ending
at (100,0).

The third data set, Figure 6.5c, assumes the pump response changes at a point
in time as a result of a sudden change in the system. This could be a result of
a number of events, such as leakage, bearing failure or seal failure. The pump

response drops from 60 to 50 at time 70.

The final data set, Figure 6.5d, represents a temporary, anomalous change in
output. This could be a result of a temporary blockage, nearby disturbance
or other short-term event. In this case, the pump response changes from 60 to

80 and back over the times 68-72.

The goal of the offline BCD algorithm is to retroactively analyse data gen-
erated by a machine and segment it such that the change from healthy to
faulty behaviour can be identified. This allows features indicating upcoming
or current faults to be extracted so that they can be compared to online data
and used to prevent or reduce the effects of faulty behaviour. Additionally,
the location of the change point can give users an indication of the expected
length of machine uptime that would lead to a fault. The results of the BCD
would supplement and be compared to maintenance and repair logs to assess
and improve their accuracy. In this case, the results will be compared to the

parameters used to generate the data sets.

The goal of the online BCD algorithm is to provide a real-time indication of
the current machine state. It segments the behaviours of the pump based on
an initial model and provides information about its confidence in the existence

a change point, as well as the change point location. The fitted model can also
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Figure 6.5: Artificial Data set Generated to Assess Online and Offline BCD Per-
formance

let users know what behaviour to expect from the machine given its current
state. A comparison afterwards to the maintenance schedule and repairs logs
can be used to provide an indication of its accuracy. As with the offline BCD,
these results will be assessed through comparison with the parameters used to

generate the data sets.
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6.3.2 Results and Discussion

Offline BCD

An initial attempt to analyse the collected Siemens data is presented first. Fig-
ure 6.6a shows the frequency data filtered to present a best guess of a single
pump power level, and the associated results of an offline BCD analysis. This
subset of data was selected by filtering the frequency across a band between
36 and 38 Hz. The band was chosen as it was the most commonly occurring
frequency band detected across the samples collected from the factory. The
expected frequency varies very little across the sample. Figure 6.6b suggests
that the predicted change point occurs very early in the data, but has a low
level of certainty, with low values of 7 spread across the range of samples. The
most likely reasons for this result are the infrequent sampling of the vibrations,
and the lack of information about the timing of maintenance procedures. In-
frequent sampling can lead to unrecorded changes in pump behaviour. Lack
of information about maintenance timings means that the data set can’t be
split to reflect maintenance taking place, which would reset pump behaviour
and add one or more change points to the data set. Another potential factor
for the low certainty is the filtering band being too tight and removing the
change point-indicative pump behaviour, or too loose and capturing the be-
haviour of multiple pump power levels. This could potentially be overcome
with a significant amount of tuning, although it would be difficult to validate
any results without additional information. Additionally, as discussed above,
a wider filtering band could catch multiple pump power levels resulting from
different product types. As such, the best expected outcome without supple-
mentary data for this use case is that the pump behaviour could be segmented

by power level.

The results of the offline analysis on data set 1 are presented in Figure 6.7a.

The BCD algorithm located a change point with high confidence within the
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Figure 6.6: Offline BCD Analysis on Filtered Machine Pump 1 Data

defined transition zone, with results similar to those presented in Chapter 5.
It also correctly inferred the model parameters that were used to generate the
data set. The inferred model can then be used as a reference for comparing
incoming data to in order to assess the machine health, as well as providing
indication of the length of machine up-time during which the behaviour can

be assumed to stay healthy.

The results from data set 2 are presented in Figure 6.7b. Initial analysis bi-
sected the data set with a low-confidence change point spread over a wide
margin over the middle of the data set. However, at this point the pump
response has changed significantly and the flow rate would likely also be sig-
nificantly impacted. Assuming that it is necessary to detect a change point
before this takes place, the BCD algorithm can be tuned to split the data set
such that the initial pump behaviour is defined by a shallower response over
time. The results shown in Figure 6.7b are a result of this tuning, and locate a

change point with medium confidence early in the data set, before a significant
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change in the pump response. This highlights a point of interest about the
use of BCD analysis and the effect the choice of priors on the results of the
analysis. Adjustments to the priors can significantly affect results and as such
should be done based on the requirements of the analysis and problem being
solved. However, this is also an important benefit of this approach as well,
as it allows the analysis to be improved based on early results and existing

knowledge about the problem.

The results from data set 3 are presented in Figure 6.7c. In this case, the BCD
algorithm inferred the location of the change point with high confidence and
high accuracy. The pump behaviour both before and after the change point
also closely matched the expected values. As with data set 1, this provides a
reference for the expected machine behaviour, as well as the behaviour in the
case of the fault being displayed. This knowledge could then be applied to
monitor the machine in real time with comparisons to the expected and actual

behaviour, and assist troubleshooting when faults take place.

The first set of results for data set 4 are presented in Figure 6.7d. This initial
analysis did not detect a change point with any appreciable degree of confi-
dence, but did infer a model close to the parameters used to generate the pump
behaviour either side of the change point. This result has value as a means
of filtering out short-term anomalous signals, if existing knowledge about the
system believes this to be appropriate. Otherwise, there are two other means
of analysing the data set if it is important to locate this anomaly and establish
its effect on pump behaviour. The first of these is to split the data set such that
it ends during the anomalous behaviour. This is presented in Figure 6.8a and
demonstrates that, even with a very limited sample size, BCD can confidently
and accurately locate the change point representing the start of the anomalous
behaviour. The second method is to adjust the BCD to search for two change
points, as shown in Figure 6.8b. This version of the algorithm accurately and

confidently locates the both the start and end of the anomaly. The approach
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used in this type of case depends upon the requirements of the scenario.

S

o

Prohahilitv

Prohabhilitv

Pump Response
E

]

E

Pump Response
&

L ¥ } - - o
o T T - 0.0 0 40 ilh 0 10

-] 40 [ 1] b1l i1 Time
Time

(b) BCD Analysis of Pump Response
Proportional to Area Reduction as a Re-
sult of Solder Build Up

(a) Analysis of Pump Response Propor-
tional to Test Bench Flow Rate

k0.8 0.8

=

Probabilitv

Pump Response

=

Probabhility

-
E

=
=

&

Pump Response
b

» ] Loz » ] 2

0 , , , , 0 0 L_—A 0
20 40 (i1 kol 1 L[] 2 40 ol y it
Time Time

(c) Analysis of Pump Response During (d) Analysis of Pump Response During
Step Change in Output Temporary Anomaly

Figure 6.7: Offline BCD Analysis of Artificial Data set. Blue: Observed data.
Red: Inferred behaviour. Green: Location and likelihood of a change point.

Overall, the offline BCD performed well and successfully identified change
points in the artificial data sets. It was able to infer models to fit the pump
behaviour that reflected the parameters used to generate the data sets. With
a more complex behaviour like the quadratic curve in data set 2, the inferred
model fails to accurately capture the behaviour but does provide a useful
approximation of it alongside early detection of the flow rate drop. The inferred
model parameters can be extracted and used as reference points for comparison

in future FD-HM applications as well, creating a library of machine behaviours
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representative of different machine states. This can facilitate new monitoring

techniques in the future.

Data sets 2 and 4 highlighted the most important potential weakness of the
BCD analysis: incorrect priors and assumptions about the model. These can
produce misleading results (as per the familiar idiom “rubbish in, rubbish
out”), but analysis of the results of the Markov Chain Monte Carlo (MCMC)
processes and the generated posterior distributions can indicate that the for-
mulation is incorrect and needs further development. It is for this reason that
Bayesian data analysis problems often include an evaluation and analysis stage
to ensure that any conclusions drawn from the results are meaningful. As such,
while it is true that an incorrect formulation will undermine the accuracy of
any insights gleaned from the initial BCD analysis, the accepted best practice
of incorporating a results evaluation and analysis stage as part of a cycle of

continuous improvement for the model will help to counteract this.
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Online BCD

Analysing the Siemens data using the online BCD algorithm yields similar
results to those generated by the offline algorithm. Figure 6.9 shows that the
inferred model doesn’t change over time and no change point is detected at all.
It is worth noting that as the first of the samples are being processed, and the
initial behaviour models are being inferred, some change points are detected
with low-medium confidence. A user might be notified of these as they happen,
but they generally disappeared as the behaviour models updated. Additionally,
online BCD requires the use of a shifting margin to keep the sample size, and
thus processing time, low enough to run in real time. Without access to
processing or maintenance information, it is difficult to select an appropriate

size for the margin.
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Figure 6.9: Online BCD Analysis on Filtered Machine Pump 1 Data. Blue: Ob-
served data. Red: Inferred behaviour. Green: Location and likelihood of a change
point.

The results of the online analysis on data set 1 are shown in Figure 6.10a.
The inferred behaviour closely follows the observed data and the change point
is identified at the right point, with the highest confidence near the end of
the transition period. While this doesn’t provide preemptive warning about
the incoming change in flow rate behaviour, it will allow users to react more
quickly to the change and also assist in troubleshooting the fault should there

be any uncertainty about the cause.

The results from data set 2 are shown in Figure 6.10b. The location of the
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change point is spread across a range of times around the middle of the data
set, without a high level of confidence. As the behaviour model is inferred
based on incoming data, it is more difficult to tune the online BCD to achieve
an earlier response like the one presented in the offline analysis of this data
set. However, this could be overcome by responding to the changes earlier,

when fewer data points have been collected.

The results from data set 3 are shown in Figure 6.7c. The inferred behaviours
either side of the change point match the parameters used to generate the
data, but the location of the change point itself is less certain and spread over
a small range of times. As with data set 1, there is no preemptive warning, but
occurrence of the change point will notify users and new inferred behaviour

can be compared to the existing behaviour to assist troubleshooting.

The results of data set 4 are presented in Figure 6.10d. As with the offline
BDC, the end result of the analysis of this data set does not effectively detect
a change point at the end of the time, with an almost constant inferred be-
haviour model and broad, low confidence predictions about the change point
location. However, during the analysis, as the time advanced past the start of
the anomaly, a change point indicating the start of anomalous behaviour was
detected with high confidence, though the location was placed early as a result
of the noise. This is shown in Figure 6.11. In an industrial environment, a
user could be notified of this and would have a chance to assess the situation

before the change point was filtered out.

To summarise, the online BCD algorithm performed similarly to the offline
algorithm, successfully analysing the data sets and locating change points, as
well as inferring models for the pump behaviour. Its performance for data set
2 was worse, although this issue could potentially be over come with additional
knowledge about the system. The analysis of data set 4 is better, as it can
notify a user that a temporary anomaly has occurred but in cases where per-

formance returns to normal afterward it can also filter it out. As well as the
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Figure 6.10: Online BCD Analysis of Artificial Data set. Blue: Observed data.
Red: Inferred behaviour. Green: Location and likelihood of a change point.

notification of the location of the change point, the inferred behaviour model
generated in real time can be compared to the models generated by the offline
analysis in order to check what behaviour the machine in question is currently

displaying.

Similarly to the drawbacks of the offline BCD algorithm, the effectiveness of
the online BCD algorithm relies heavily on the assumptions made about the
data models. Additionally, to ensure timely responses to incoming data, the
sample size has to be kept relatively small. This can be done using a shifting

margin or window; or by beginning a new data set after a change point has been
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Figure 6.11: Online BCD Analysis of Pump Response During Temporary Anomaly:
live warning about change point taking place as a result of the anomaly.

detected and confirmed. These approaches rely on supplementary information
about the system to inform either the window size or to confirm the change

points and begin a new data set.

6.4 Integration with IIoT and MindSphere

A secondary goal of this project was to integrate the data collection and pro-
cessing methods with Siemens IToT and cloud platform, MindSphere [17]. The
aim was to take the “wrap and re-use” approach [12] to digitisation, extract-
ing additional value from existing machines with a low cost, generic solution.
Sensors attached to a machine would collect data from it and send that data
to a local edge device, which could then upload the data to the cloud platform.
Once the data was uploaded and processed, it could be disseminated to relevant
users quickly and easily, and remain available to access for interested parties.
Product Lifecycle Management (PLM) software such as Seiemens Teamcenter
[191] could be used to store this data, supplementing any existing information,
or the data could be used to form a historical database, allowing for other

forms of analysis to be performed in the future.

Figure 6.12 presents a topology diagram of the information flow across the
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Figure 6.12: Topology Diagram: Information flow from machine to cloud

information layers from the physical layer to the cloud layer. On the physical
layer, a machine generates the data, such as motor or pump vibrations, or
current and voltage draw. A suitable sensor or sensor suite collects the data,
connected to a microprocessor or microcomputer at the Edge/IIoT layer. From
here, some initial processing can be done to the data, to reduce its overall
volume, or it can directly be sent to a local cloud access point and uploaded
to the cloud platform. Once on the cloud platform the data can be analysed,
stored and disseminated either as active notifications to relevant parties or as

a passive source of information about the state of the machine.

As mentioned earlier this chapter, access to production data and schedules to
supplement the machine data analysis can significantly improve the quality of
the conclusions that can be drawn from the data. Figure 6.13 shows the ideal
data flow which combines a production schedule and data from the MES (Man-
ufacturing Execution System) with the data gathered from the machine. This
would allow sensor outputs to be matched to particular machine behaviours
with confidence, as well as maintenance times or unplanned machine down
time. User response could be tailored to a particular machine, its expected
behaviour and observed behaviour. This information could also be used to
update production schedules in cases of disruptive faults and help production

recover faster and more smoothly.

Integration with IIoT networks and data integration in general aims to con-
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solidate disparate data sources, process the collected information and then
make it available through a variety of sources. The data processing includes
cleansing and reformatting, as well as an assessment of the data quality [34].
This data can then be made accessible for self service through a variety of
devices to suit the needs of individual users. Overall, successful integration
can improve collaboration, save time, reduce rework and increase the value of

available data.

Conversely, a number of risks have to be addressed when looking to integrate
IToT infrastructures [10]. Chief among these is the security and privacy of the
network [55]. IIoT networks are often vulnerable to a number of attacks, in-
cluding Denial-of-Service (DoS) attacks, physical damage and eavesdropping.
Security mechanisms can be implemented to help avoid this, such as: pro-
tocol and network security that offers an end-to-end secure communication
mechanism; identity management for authentication and authorisation; and
fault tolerance for preventing and detecting attacks. Latency and interoper-
ability are also key issues to tackle to ensure full value can be extracted from
data. Reducing latency is vital in time-sensitive processes that require quick

reactions to inputs, such as location awareness and navigation or real-time

user responses. Interoperability is being addressed through the creation of
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new standards to enable the creation of smart scenarios despite heterogeneous

devices.

In order to integrate the current data gathering setup and fault detection al-
gorithms with the factory IIoT and MindSphere network, the following steps
would have to be taken. The Raspberry Pi 3B currently in use is not industry
standard and would need to be upgraded. Options for this include Siemens’
SIMATIC I0T2050 [192] and the Revolution Pi [193], which are both certi-
fied for use in an industrial environment, coming in DIN-rail housing for easy
installation. In some cases, a secondary device, such as the MindConnect
Nano [191] will be required to collect the data output from the primary data-
gathering device to process and upload it at a local cloud access point. This
might be necessary in cases where edge apps prevent access to local physical
inputs such as USB ports. However, this solution does have the benefit of
allowing the device responsible for data collection to focus exclusively on that.
A potential drawback is the increased risk to security through the addition of
extra [IoT nodes; however, this system is isolated and difficult to access phys-
ically without permission. Communication can be done through OPC-UA or
MQTT protocols, depending on local requirements: in the case of this project,
OPC-UA is almost ubiquitously supported [194]. An important restriction to
note is that the MindConnect Nano can currently upload a maximum of 250

data points per second [194].

Once uploaded to MindSphere, the data can be stored and analysed through a
custom app that performs the online and offline BCD analyses. These results
can be stored online and made accessible to users as and when needed. They
can take the form of current, up-to-date graphs, notifications about changes
in machine state, and historical data for further analysis and comparison. At
this point, if a production schedule can be accessed, expected machine states
can be extrapolated and used to supplement the BCD analysis as described

earlier this chapter.
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6.4.1 Combined scheduling and FD-HM

Full integration of the data gathering setup and BCD algorithms with the lo-
cal IToT and cloud network could provide the opportunity for a combined
scheduling/Fault Detection and Health Monitoring (FD-HM) system. Im-
proved knowledge about the current and upcoming state of machines can sig-
nificantly improve a production schedule, reducing the chances and effect of
unplanned downtime and ensuring maintenance could be performed as and

when needed.

This implementation would take the form outlined in Figure 6.14. A global
schedule would be generated, taking into account information about machine
health in the form of upcoming maintenance requirements. It would then be
broken down into a series of local schedules for individual machines or machine
groups, which would follow the schedule to complete the necessary production.
The FD-HM system would combine the expected machine behaviour with the
analysis of the observed machine data and results of product tests. Any unex-
pected faults would trigger a notification for users and an update to the local
schedule for speedy recovery. The global schedule could then be adjusted to

compensate in the longer term.

The benefits of a more responsive and informed schedule include better overall
production times as well as reduced time-loss to troubleshooting and reacting
to unexpected events. Real-time knowledge about machine behaviour can im-
prove response times to faults and aid identification. Notably, this form of data
integration across enterprise levels is the intended vision for the MindSphere
platform [18]. However, there are currently a number of potential limitations
that would need to be addressed. The local data silos created at the machine
level mean that the expected machine behaviour has to be extrapolated. If this
is not done accurately, it will have knock-on effects on the accuracy FD-HM
data analyses. Additionally, data extraction from particular machines might

be impossible, or require specific and expensive tools and sensors as a result
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Figure 6.14: Information Sharing Between Scheduling and FD-HM. Dashed lines
represent movement of information.

of harsh working environments, limited installation space or erratic behaviour.
Finally, the volume of data collected and the associated latency are issues
with situation-dependant importance and the requirements for both need to

be assessed to ensure the integration methods are suitable.

6.5 Concluding Remarks

This chapter focuses on the validation of the contributions developed in this
thesis and their integration with an existing factory environment. The MILP
scheduling algorithm generates a schedule using anonymised factory data,
which is then compared to one generated using a PRBM. The modularity
of the MILP is also assessed as each individual setup type is also assessed.
Both the factory setup and the individual approaches perform better than the
PRBM, aside from the serial machine setup, which was unable to create a

better schedule in the time provided.

The offline and online BCD algorithms were tested on artificial data sets repre-
senting different potential faults. The results varied but both online and offline

analyses could effectively and with high confidence locate the change point in
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most of the data sets and infer the parameters that generated the pump re-
sponses. The offline analysis was found to filter out temporary anomalies in
its current state, but could be adjusted to search for additional change points
as required. The online analysis identified the start of the temporary anomaly
as it occurred, but could also filter it out if it wasn’t addressed or deemed
important. Initial attempts at analysing data collected from the wave solder-
ing machine were made and highlighted the difficulties faced by BCD when

knowledge about the system was limited.

The initial steps towards factory integration of these methods were presented.
The Raspberry Pi currently in use can be upgraded to an industry standard
microcomputer, such as the Revolution Pi or Siemens MindConnect Nano. The
collected data can be transmitted wirelessly using communication protocols
such as OPC-UA or MQTT. This data can then be collected and analysed
on the cloud platform MindSphere and the results disseminated rapidly to

relevant users.

An approach combining the presented scheduling and FD-HM algorithms was
discussed. A global factory/production line schedule can be prepared in ad-
vance based on the current factory state. Local updates can then be made
based the conditions at particular stages of the production line to improve
recovery in cases of unexpected machine downtime. Additionally, knowledge
about machine health will feed into maintenance decisions, which will inform

the global schedule to ensure full utilisation of available resources.



Chapter 7

Conclusions and Future Work

7.1 Review of Contributions

The focus of this thesis is the non-disruptive leveraging of digital technologies
to improve production in an existing factory site. The presented contribu-
tions are intended to be generic and applicable to a wide variety of industrial
environments. The contributions were then validated using a combination
of Siemens data and artificial data sets mimicking situations that industrial
equipment might face. Finally, industrial implementation is discussed along-
side the integration of both the scheduling algorithm and the fault detection

method.

7.1.1 Modular Production Line Scheduling Algorithm

Chapter 4 presents a scheduling algorithm that uses Mixed Integer Linear Pro-
gramming (MILP) to optimise a production schedule with sequence dependant
setup times. Variants are presented that can solve problems involving single,
serial and parallel machine setups. The MILP algorithm is tested against
a Priority Rules Based Method (PRBM) scheduler analogous to an existing

factory scheduler. Both a complete production line and individual machine
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setups are considered. For the individual machine setups, sets of 10, 50 and
100 products of two different types are used to generate a schedule. For the
complete production line, a set of 100 products of two different types is used.
The MILP algorithm is shown to be capable of creating an equal or more effi-
cient schedule with improvements defined by the chosen cost function, which
in this case minimises the sum of the maximum delay and average completion
time. The cost function can easily be altered to prioritise improvements in

other metrics depending on the requirements of the user.

Single Machine Formulation

The single machine formulation is designed to solve the scheduling problem for
a single machine processing products with sequence dependant setup times.
This formulation forms the basis for the serial and parallel versions. It is
tutorialised such that readers will be able to more readily understand and
adapt it for specific scenarios. Across the different sizes of sets of products, this
formulation reduces the cost function by approximately 20% when compared

to the results of the PRBM.

Serial Machine Formulation

The serial machine formulation adds a precedence constraint to ensure that a
product cannot be processed on a machine before the prerequisite processes
have been completed on the previous machines. This ensures that products
are processed in the correct order along the set of serial machines. Additional
constraints are also used to calculate the completion times of the first product
on all of the machines, all of the products on the first machine, and finally all
of the products on machines 2 and above. For the sets of 10 and 50 products,
the serial formulation reduces the cost function 15% and 5% respectively. For
the set of 100 products, the increased complexity of this formulation meant

that the solver could not find a better solution than that of the PRBM in the
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time provided. As a result, once the allotted time elapsed, the solver presented
a schedule whose performance was equal to that of the PRBM. Increasingly
complex or large product sets will produce the same results unless solving time

or processing power is increased.

Parallel Machine Formulation

The parallel machine formulation uses a constraint that ensure that products
can not be completed before their associated release dates but can be completed
on any of the available machines. Additional constraints calculate the com-
pletion time of a product based on machine availability, the completion time
of the previous product and whether any setup time is required. The highest
generated completion time for that product is the one that takes precedence.
As with the serial formulation, the additional complexity of the parallel for-
mulation meant that it could not provide a better performance than that of
the PRBM within the allotted time. The cost function for the sets of 10 and

50 products is reduced by 27% and 24% respectively.

Production Line Setup

To assess the performance of the scheduling algorithms used in combination,
they were assessed on a simplified representation of a production line, con-
sisting of a single machine, followed by 3 machines in series, and finally 3
machines in parallel. To represent the batch transport mechanism used in the
factory, the full set of products is processed on the single machine and released
as batches of 10 products to the serial machines, with similar batch transport
taking place between the serial and parallel machines. In this case, the cost
function is reduced by 2%. However, the longest delay shows an increase of
1%. This is a byproduct of the particular cost function in use and its interac-
tion with the single machine schedule. Based on the results of the individual

machine groups, this problem could be overcome by assigning due dates for
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products at each stage of processing rather instead of a single overall due date.
Additionally, the use of a different cost function could have significant impact

on the results.

7.1.2 Bayesian change point Detection for Fault Detec-

tion and Health Monitoring

Chapter 5 uses a test bench to simulate a wave soldering machine in the
Siemens Congleton site. Pump vibrations are recorded as a pipe blockage in-
duced fault is simulated using a gate valve. As the valve is closed, the flow rate
is also monitored for comparison and exhibits the following behaviour: a small,
linear drop in flow rate until the valve is approximately 70% closed, followed by
a transition period, and an almost linear drop to no flow from approximately
80% closed onward. Features are extracted from the pump vibrations using a
Fast Fourier Transform (FFT). These are the maximum amplitude and peak
frequency of each sample. The Fault Detection and Health Monitoring (FD-
HM) methods used here offer two significant advantages over those present
in the literature. The first of these is the lack of a need for labelled training
data or mathematical behaviour model, as Bayesian Change point Detection
(BCD) is data agnostic and infers the expected behaviour using a combination
of the observed behaviour and assigned probability distributions. The second
is that the indirect monitoring method will function regardless of the location
of the blockage in relation to the sensor, a factor that significantly affects the

effectiveness of direct pipeline vibration monitoring.

Offline BCD

Offline BCD is used on the features extracted from the pump vibrations to
detect the transition from a nominal state to a faulty one. This is done retroac-

tively and successfully identifies a change in the rate of flow rate reduction as
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the gate valve closes. The analysis of the extracted amplitude suggests that
the change point takes place at the point where the valve is approximately 75%
closed, which corresponds with the transition period from low to high flow rate
drop. The analysis of the extracted frequency suggests that the change point
takes place later, after the transition period. This is partly due to the use
of a small number of samples, which does affect the precision of the analysis.
However, it also highlights an additional benefit of BCD in that the analysis
can still be performed even with a limited number of data points. That said, it
is important to keep in mind the effects of the small sample sizes when drawing

conclusions from analyses.

As this analysis is retroactive, the key use of the results would be as a means
of isolating pump responses indicative of healthy and fault machine behaviour.
The BCD algorithm effectively segments the data about the change point into
these states, and outputs the features that define them. With this information,
the vibration responses of future pump cycles can be assessed to detect said
features and inform operators of the current state of machine health and the
need to perform maintenance procedures. Additionally, the point at which the
change point occurs can also be interpreted as the length of machine up time
taken to reach the faulty state. This assumes that the deterioration of the
machine is proportional to the length of machine up time, which is the case

for the wave soldering machine use case.

Online BCD

An extended test bench data set is then assessed by the the Online BCD
(OBCD) algorithm. The OBCD algorithm collects incoming data points from
the current machine cycle and compares them to the data already collected
this cycle. It infers a model of the expected values and provides an estimate
of the likelihood that the incoming data indicates a change point. This can

supplement the results of the offline BCD algorithm by providing a real-time
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indication of the machine state to machine operators. As with the offline
analysis, analysis of the amplitude detects a change point earlier than that of
the frequency, at the point where the valve is approximately 70% valve closure
closed. This is closer to the start of the transition period than the result of the
offline analysis, and as such is more useful for real-time response. The inferred

behaviour models also closely follow the observed data.

7.1.3 Industrial Application

Chapter 6 presents the validation of the scheduling and FD-HM algorithms,
as well as a discussion about the requirements for industrial integration and
implementation. It concludes by presenting a scheduling and FD-HM approach

that combines the described contributions.

Modular Production Line Scheduling Algorithm

Factory production times for a batch of products were anonymised and the
MILP algorithm was used to generate a schedule for them. This was then
compared to a schedule generated using an identical product batch and a
simplified version of the factory scheduler. The results were similar to those
presented in Chapter 4, with reductions in the cost functions for the single and
parallel machine setups and the serial setup failing to find an improved schedule
in the allotted time. The reductions do not appear as significant because of
the comparatively shorter setup times relative to the overall processing times,
but the reduction in total processing time directly correlates to costs incurred
during manufacturing processes and as such any reduction is significant when
considered in the context of high-volume production. The production line
simulation shows an improvement in the cost function of 15% and a 28%

increase in the longest delay, as per the results of Chapter 4.
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Fault Detection and Health Monitoring

The wave soldering machine use case was further described alongside details
about the initial attempts to collect data for analysis. Magnet-mounted ac-
celerometers collected half-hourly pump vibration samples over the course of a
month. This was shown to be too infrequent a sampling rate, and thus impos-
sible to analyse effectively without supplementary data from the production
and maintenance schedules, which could not be accessed at the time. The
pump power level is dependant upon the products being passed over the sol-
der wave and without a production schedule it is impossible to match up times
when the pump is operating at specific power levels. As such, a number of ar-
tificial data sets were generated, each one representative of a pump response
to a particular condition while operating at a set power level. This included:
a response proportional to the flow rate behaviour shown in the test bench; a
response proportional to the rate of pipe blockage; a step change in behaviour

and finally a temporary anomaly.

The offline BCD analysis successfully locates the change points in most of the
artificial data sets, and extracts the parameters that generated them. The
quadratic response data set highlighted the sensitivity of BCD to the choice
of priors used in the analysis. It also demonstrated the flexibility they allow
for meeting the requirements of the analysis. In the case of the temporary
anomaly response data set, the BCD analysis filtered out the anomaly, which
is potentially a useful result dependant on the machine being monitored. How-
ever, it was shown that by adapting the algorithm to detect additional change
points or splitting the data set would allow the analysis to successfully locate

the anomalous behaviour.

The OBCD analysis is similarly successful in locating change point in most
of the artificial data sets, and infers behaviour models that closely follow the
actual models. It is less effective in locating a change point in the quadratic

response data set, where it segments the behaviour about the centre and shows
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a high uncertainty about the location of the change point. This is a result of
the way that the OBCD algorithm infers a linear behaviour model based on
incoming data. The analysis of the temporary anomaly data set filters out the
anomalous behaviour when observed at the end of the time period, but does
locate the start of the anomaly as it happens in real time. Both behaviours

are potentially valuable to users.

Implementation and Integration

Next, this chapter presented the planned implementation of the FD-HM method
in an industrial environment and integration with a local Industrial Internet of
Things (IIoT) network. The benefits of such integration include an improved
ability to monitor machine health through the combination of the real time
data analysis and the expected machine behaviour extrapolated from the pro-
duction schedule. These results could then be disseminated to user devices
quickly and efficiently to provide information about current machine health
and potential maintenance requirements. Additionally, storage of this data
could be used to supplement the information stored in existing databases or
Product Lifecycle Management (PLM) software, or to facilitate the creation

of a historical database for further analysis in the future.

Combined Scheduling/FD-HM Approach

Finally, a combined scheduling/FD-HM approach was discussed, taking ad-
vantage of the modular nature of the MILP algorithms and the increased
knowledge of machine state offered by the BCD analyses. The scheduling
system would create an optimised schedule based on informed decisions about
current machine health and upcoming maintenance events. Faults resulting in
unplanned machine downtime would be detected quickly, and users would be
notified through their devices. Updated local schedules could quickly be gen-

erated as part of a rapid response and recovery protocol using the scheduling
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algorithms designed for the local machine group setups. This would provide
the necessary time required for an updated global schedule to be generated

and implemented.

7.2 Future work

This section will briefly outline the potential work that can be done to fully
implement the contributions of the thesis. Firstly, the extension and imple-
mentation of the scheduling algorithm will be addressed. Secondly, additional
assessments of the offline and online BCD algorithms will be discussed with the
aim of refining them to better suit the requirements of the use case. Finally,

the steps towards full integration of the combined approach will be discussed.

Modular Production Line Scheduling Algorithm

While the performance of the MILP scheduling algorithm was shown to gen-
erally be better than that of the PRBM by most metrics, it suffers from long
processing times due to its complexity. The time limit imposed to reflect time
pressures in industrial environments limits the ability of the solver to com-
plete the optimisation. This problem would certainly be exacerbated by the
increased number of product types present in an existing factory, as well as
the increased number of machines. This creates the opportunity to refine the
scheduling algorithm to make it more efficient. It could also be an effective
way to take advantage of the elastic computing capabilities offered by cloud
technology. Additionally, further work is needed to establish how effectively
the algorithm could be integrated with an existing Manufacturing Execution
System (MES) and the best way to implement automatic local re-scheduling

in the case of unplanned machine failures.
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Fault Detection and Health Monitoring

Additional assessment and refinement of the presented BCD methods is pos-
sible. One of the key future goals is to complete the analysis of the industrial
data collected at a higher sample rate. This, combined with the supplemen-
tary production data described in 6, would significantly emphasise the value
of these methods. This information would have allowed the data to be filtered
such that only readings from a single pump power level were present for analy-
sis. Alternatively, the readings could have been normalised with respect to the
pump power level, potentially creating a larger, more cohesive data set and
reducing the risk of missing features indicative of a fault. Alongside this, there
is scope to further test the BCD methods for false alarms, missed detection
and delayed detection. These tests would be particularly important for the on-
line BCD method. Knowledge about these potential weaknesses would allow
for further refinement and development of the algorithms in use. A secondary
goal is the validation of the assumptions made for the artificial data sets and
their representations of potential machine faults. As this FD-HM method is
intended to provide a generic solution to various factory machine, additional
fault behaviours will have to be considered dependant on the machines being

analysed.

Implementation and Combined Approach

Finally, full implementation and assessment of the discussed combined schedul-
ing and FD-HM approach would be a valuable topic to pursue. Such an imple-
mentation would represent a significant step towards the digital transforma-
tion of a company. A quantitative assessment of the effective improvement to
a factory would encourage further practical research and could take place on
an advanced factory simulation or as part of a small scale trial on a production

line.
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