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ABSTRACT

Cutting tools with ceramic inserts are often used in the process of machining many types of
super alloys, mainly due to their high strength and thermal resistance. Nevertheless, during
the cutting process, the plastic flow wear generated in these inserts enhances and
propagates cracks due to high temperature and high mechanical stress. This leads to a very
variable failure of the cutting tool. Furthermore, in high-speed rough machining of nickel-
based super alloys, such as Inconel 718 and Waspalloy, it is recommended to avoid the use
of any type of coolant. This in turn, enables the clear visualization of cutting sparks, which in

these machining tasks are quite distinctive.

The present doctoral thesis attempts to set the basis of a potential Tool Condition Monitoring
(TCM) system that could use vison-based sensing to calculate the amount of tool wear. This
TCM system would work around the research hypothesis that states that a relationship exists
between the continuous wear that ceramic SiAION (solid solutions based on the Si3N4
structure) inserts experience during a high-speed machining process, and the evolution of
sparks created during the same process. A successful TCM system such as this could be
implemented at an industrial level to aid in providing a live status of the cutting tool’s
condition, potentially improving the effectiveness of these machining tasks, whilst

preventing tool failure and workpiece damage.

During this research, sparks were analyzed through various visual methods in three main
experiments. Four studies were developed using the mentioned experiments to support and
create a final predictive approach to the TCM system. These studies are described in each
thesis chapter and they include a wear assessment of SiIAION ceramics, an analysis of the
optimal image acquisition systems and parameters appropriate for this research, a study of
the research hypothesis, and finally, an approach to tool wear prediction using Neural
Networks (NN). To carry out some of these studies, an overall methodology was structured
to perform experiments and to process spark evolution data, as image processing algorithms
were built to extract spark area and intensity. Towards the end of this thesis, these spark
features were used, along with measured values of tool wear, namely notch, flank and crater

wear, to build a Neural Network for tool wear prediction.
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1 INTRODUCTION

1.1 Study Motivation

Today’s manufacturing industry continues to have a strong dependence on traditional
machining processes for piece formation such as Turning and Milling, and when great
productivity is demanded, a High Chip Removal Rate (HCRR) becomes essential. Researchers
have hence explored the effect of different machining properties and factors to achieve
HCRR, as illustrated by Figure 1.1 (Grzesik 2008; Dashchenko 2012). There are several
different parameters associated with the machining process, such as feed, depth of cut and
cutting speed, which could be altered to obtain a high chip removal rate. The most common
choice for increasing removal rate is to increase the cutting speed, given that increasing the
other two parameters could result in a wider chip cross-section, and hence much higher
cutting forces (Liu et al. 2002; Casto et al. 1993; Altin et al. 2007). High-speed machining,
which produces high chip removal rates with low energy consumption, has proved to deliver

these outcomes (X. Tian et al. 2013; Addhoum & Broussaud 1989).

High High Chip High Speed

Productivity Removal Rate Machining

Figure 1.1: Machining sequence of factors for high productivity.
However, when the cutting speed is increased, this results in higher stresses and higher
temperatures in the cutting area, therefore demanding greater strength and thermal
resistance from the cutting tool. Traditional cemented tungsten carbides have good
performance up to around 800 °C however, at higher temperatures, their strength decreases
dramatically. By contrast, ceramic cutting tools show good performance up to 1200 °C (Casto
et al. 1993). These tools are hard materials with high hot-hardness that are unreactive with
the workpiece. More importantly, these materials can machine at high cutting speeds, as
they can work at 20 to 30 times faster than carbides (Sandvik Coromant n.d.; Sandvik
Coromant 1994). Even though ceramic tools have a short tool life regarding machining time
of between 4 to 8 minutes, they more than compensate this when compared to any other

carbide tool, making them cost-effective (Richards & Aspinwall 1989). In the case of heat
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resistant super alloys (HRSA), in the current aero-engine manufacturing industry, the
performance temperature for efficient combustion regimes has increased. This has resulted
in tougher HRSA that are harder to cut and hence, slowing machining removal rates.
Ceramics, however, have proved to enable very high-speeds, balancing performance and

price (Bitterlich et al. 2008; Renz et al. 2015).

SIiAION ceramic cutting tools are solid solutions based on the Si3N4 structure and are widely
used in high-speed milling of nickel-based super alloys. This material has a high fracture
toughness, hot strength and great thermal shock resistance, making them very efficient in
rough milling alloys such as Inconel 718 and Waspalloy (Zheng et al. 2012; Xianhua Tian et
al. 2013; Arunachalam & Mannan 2000). However, the plastic flow wear, due to high
temperature and high mechanical stress generated in these cutting tools, enhances and
propagates cracks. This condition can sometimes result in unpredictable wear, which could,

in turn, result in catastrophic failure and possible damage to the workpiece.

Kurada and Bradley (1997a) state that “Timely change of the cutting tool toward the end of
its useful life prevents inferior surface finish quality (leading to scrap and re-work costs) or
worse, damage to the machine tool itself.” Hence, tool replacement can be of extreme
importance in machining processes. Furthermore, tool replacement can be catalogued into
two categories, depending on the value of the workpiece. In the first, the workpiece value
may be lower than the cost of machine downtime and tool change. This scenario is commonly
found in a large production environment, where a constant flow of a manufacturing chain is
highly important. Therefore, in these cases, a complete degradation of the tool is generally
desired, regardless of potential damage to a workpiece. On the other hand, in the second
category, the value of the workpiece is comparatively higher than possible machine
downtime. In these cases, possible damage to the workpiece could be costly, and hence the
tool has to be changed before unacceptable results are reached (D’Addona & Teti 2013).
Workpieces composed from HRSA are regarded in the second category, as the value of these
materials is extremely high, compared to the cost of a cutting tool such as SiAION ceramics.
For this reason, Tool Condition Monitoring (TCM) has become an important area of study in
the manufacturing industry (Byrne et al. 1995). By continuously monitoring the actual wear
that cutting tools develop, it would be possible to prevent either discarding of the tools when
they are still usable or, alternatively, over-usage that could lead to failure and possible
damage to the workpiece. This last is especially important with ceramics’ cutting speeds,

where if a tool fails at a cutting speed of around 1000 m/min, the possibility of creating
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significant damage to the workpiece and scrap it is quite high, compared to slower speeds

with carbides where it is less severe and unlikely to be scrapped.

Over the years, there has been a continuous transformation of manufacturing machines,
evolving into more automated and unmanned systems. In modern industry, 20% of the
downtime in production is attributed to tool failure and TCM systems could help prevent this
by being integrated with an automation of manufacturing machines (Kurada & Bradley
1997b). Furthermore, TCM can be divided into two areas: direct and indirect monitoring. In
Direct methods, tool wear is measured by direct assessment of the worn cutting tool, using
techniques such as optical measurements in a microscope or tactile sensors. Indirect
methods, on the other hand, try to use parameters or signals such as acoustic emissions,
cutting forces and visual sensors (acquiring visual data of other factors other than the actual
cutting tool) to evaluate the state of the worn tool (Pfeifer & Wiegers 2000); where this last

indirect technique of visual sensing has become the centre of study of the present research.

Using Digital Image Processing (DIP), visual sensors can perform a live and continuous
extraction of information from areas of interest, such as a cutting tool in a machining process
(Kurada & Bradley 1997a). DIP refers to the processing of digital images through a computer,
generally done through software that can manipulate the structure of the images and extract
relevant information (Gonzalez & Woods 2010). The relatively low cost and high availability
of vision sensor devices, such as CCD cameras or SLR cameras, has enabled their use in
different aspects of TCM. At present, however, most of the vision-based TCM rely on
processing direct images of the cutting tools; and to obtain these images, the machining
process has to be interrupted and the tool removed (D’Addona & Teti 2013; Kurada &
Bradley 1997b; Pfeifer & Wiegers 2000; Teshima et al. 1993). This can be a time-consuming
process that can reduce cost-effectiveness in a process. As a representative example with
information provided by Flores (2015), technical staff in the Mexican metal forging company
FRISA use ceramic inserts during a standardised period of 5 minutes to prevent tool failure,
regardless of the actual ceramic tools’ condition. Furthermore, tools are inspected every
minute, with an average inspection time of 30 seconds and a mean insert changing time of 5
minutes. Therefore, considering an average of 200 inserts used per day and a machining cost
of 50 USD/hour, a successful low-cost live monitoring system could significantly improve
machining cost effectiveness. This is apart from possible damage to workpieces that normally
have a value of thousands of dollars. It is therefore also relevant to mention that the wear of
ceramic tools is not fixed with time, as it varies greatly depending on machining parameters

and the cutting tool composition.
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The milling of nickel-based super alloys with SiAION cutting tools is generally performed
without the use of coolant, which could generate a thermal shock that could enable tool
failure. This dry milling condition, however, enables the formation of large and very visible

sparks emanating from the cutting area as shown in Figure 1.2.

Figure 1.2: High-speed dry milling process of nickel-based super alloy using SiAION cutting
tools.

Therefore, the present doctoral thesis intends to examine the main research hypothesis of
an existing intrinsic relationship between the SiAION ceramic cutting tool wear and the
behaviour of the milling process’ cutting sparks. Through several machining experiments,
different research objectives were analysed to support this hypothesis and develop the basis
of a vision-based TCM system. Therefore, initially, a tool wear assessment was performed to
understand and categorise tool wear mechanisms, presenting as well relevant methods of
tool wear measurement. Then the behaviour of cutting sparks through computer vision and
image processing was examined, and the suitable image acquisition systems and parameters
were assessed. This spark behaviour would be later compared to the measured tool wear to
understand the relationship established by the research hypothesis. Finally, a Multi-Layer
Neural Network was developed and implemented to predict cutting tool life. The ultimate
objective of this research would be to create a fully integrated live TCM that could be
implemented at an industrial level. Such a system could be used by technical staff as a
companion instrument that could increase machining time and prevent tool failure.
Alternatively, machining sequences could be automatically modified to include a tool change
in response to a wear level signal provided by such a TCM system, given the capabilities of

the modern machines of online integration with other systems.
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1.2 Aim and Objectives

Given the previously stated research hypothesis, the main aim of this work was:

To set the basis for a potential live tool condition monitoring system that, using digital image
processing to analyse the cutting sparks behaviour, could predict the tool life of SiAION

ceramic inserts whilst high-speed milling nickel-based super alloys.
Where the main research objectives were:

1. To review existing literature on TCM systems, specifically research involving vision-
based TCM systems.

2. Toplanand carry out experimental testing to collect cutting spark data and tool wear
data.

3. To assess the wear of SIAION ceramic inserted tools whilst analysing the appropriate
wear measurement techniques for data collection.

4. To evaluate and select the optimal image acquisition system and parameters,
appropriate for the desired application.

5. To evaluate and give evidence of the existence of a spark — tool wear relationship to
support the research hypothesis.

6. To implement a machine learning algorithm for tool life prediction and evaluate its

accuracy.

1.3 Thesis Structure

As per the research aim and objectives, this section will summarise the structure that was
chosen for the present written work. It is important to mention that, after careful and
extended consideration, the traditional chronological layout of a doctoral thesis was not
selected. During the four years of the doctoral programme, tackling each research objective
mentioned above was highly dependent on the decisions and planning behind
experimentation, material procurement and data processing. The main issue was that of
material procurement, which took unexpected periods of time, and therefore, the order of
the research activities had to be adjusted. For this reason, the present thesis was divided
into a series of semi-independent studies, each using data from the different experiments
carried out. This structure was deemed to be clearer for the reader, trying to avoid repetition

and creating a web of support and justification between chapters.

Chapter 2 attempts to give a broad picture of the literature that surrounds and supports this

work. It includes a selection of articles about ceramic cutting tool wear and tool wear
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measurement, as well as literature on tool condition monitoring, including articles of vision-
based, direct and indirect methods of TCM. Towards the end of that chapter, a review of the

theoretical background of digital image processing and neural networks is included.

Chapter 3 includes the methodology followed during experimentation and data processing,
where a general experimental set-up is presented and explained, the data processing
methods are stated, and the specific resources and parameters of each experiment are

mentioned.

In chapter 4, two techniques for measuring tool wear are explored, one using image
processing to perform geometrical measurements, and the other technique includes an
attempt to calculate wear volume through a stereovision approach. The successful
techniques for wear measurement were used in subsequent chapters to extract wear data
from experimental testing. Additionally, this chapter includes a wear assessment of SiAION
ceramic cutting tools, identifying the different primary and secondary wear mechanisms
involved. The results obtained were compared and contrasted to the literature found. The
findings that this chapter delivered were of high relevance for the final chapter of this thesis,

supporting some of the decisions made.

Chapter 5 carries out a study of the different image acquisition systems used in
experimentation, analysing their strengths and limitations, as well as examining the
parameters used in those systems. The chapter is subdivided into two analyses,
corresponding to two experimental datasets, with the objective of selecting the optimal
systems and parameters for the present research. The results and conclusions found in this
chapter were of importance for the planning of other experimental tests, and the

optimisation of the image processing algorithms used.

Chapter 6 is also subdivided into two analyses with the objective of exploring and supporting
the main research hypothesis. Two experimental datasets are used, processed and analysed
to give evidence of the spark — tool wear relationship. This is a crucial chapter, as it would
set the basis of the entire concept of a vision-based TCM system, cementing the foundations

of the subsequent and final chapter.

Chapter 7 combines the conclusions found in the results of previous chapters, as a Neural
Network (NN) was implemented to predict the tool wear of ceramic inserts. At the beginning
of this chapter, some testing parameters and a revision to the methodology used in previous

tests was described. Then, the fundamentals of two-layer neural networks were included,
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along with the structure of the implemented NN and a general NN algorithm. After this, the
NN implementation and their results were divided into three approaches to understand the
network’s behaviour. The first approach created individual networks for each test, whilst the
second approach used randomised data points of the all the tests to build a single NN. The
third and final approach included the full information of individual tests to build a single NN.
All these approaches included different results of accuracy, and therefore, some important

conclusions will be found in this chapter.

The final chapter 8 of general conclusions include a summary of all the discussions written
in all the chapters of this thesis, followed by three sections: contributions, further research
implications and further implementation implications. The second section refers to the
future work and implications found if the research was continued research, whilst the third
section refers to the implications of the implementation of the proposed system in a more

realistic and industrial scenario.

1.4 Background

The research work presented in this thesis is a continuity of the authors MSc dissertation
project. That research programme included a partnership with the University of Sheffield’s
Advanced Manufacturing Research Centre, as the research project was in conjunction with
them. It was there that the possibility of a spark - tool wear relationship was identified, as
some technical staff could identify the wear condition of cutting tools with good accuracy by
simple visual inspection. This motivated the idea of searching the features and relations that
their expert eyes identified and try to replicate this for an automated system of tool

condition monitoring.

Inside that study, an initial approach to the basis of this tool condition monitoring system
with image processing of sparks was established. Through the set of experiments described
in section 3.3.1, it was possible to create the initial version of the image processing
algorithms that would be optimised in this work. However, at that moment, only the spark
intensity approach was explored, performing an analysis of the appropriate filtering
techniques. Furthermore, the initial foundations of the crater wear area measurement

approach described in section 4.1.1 were established.

It was found in that initial study that the spark intensity was an appropriate feature for
successful qualitative correlation with tool wear. Inside the mentioned study of the optimal
filtering techniques, three frequency domain filters were tested, namely a high-pass filter,

band-pass filter and low-pass filter. It was concluded that the best filtering technique for
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spark intensity extraction was a low-pass filter, which will be furtherly described in section
2.3.2 and implemented in section 3.2.2. Additionally, given that an initial comparison of spark
evolution and tool wear was carried out, it was found that the main research hypothesis
could be supported, but that more work was needed. This resulted in the continuation of

this research into the present doctoral study.



2 LITERATURE REVIEW

This chapter provides a critical review of the relevant literature along with justification for
some of the choices made by the author during the experimental work. However, whilst the
bulk of the relevant literature is discussed in this chapter, there will be a discussion of other

relevant literature at upcoming chapters.

2.1 Ceramic Cutting Tools and Wear

As proposed in chapter 1 and described in section 1.4, the present research includes different
aspects of tool wear condition monitoring. For this reason, it is important to lay out the
foundations behind tool wear (with special regard to ceramic cutting tools and nickel-based
super alloys), as well as general tool wear assessment theory with an interest in SiAION
ceramics. The focus on wear in SIAION ceramics will be of great relevance for the assessment

and discussion conducted in chapter 4.

With the constant development and evolution of advanced manufacturing technologies, in
conjunction with the pursuit of high productivity, the reduction of manufacturing costs and
energy consumption have become widely desired. In metal cutting, this has translated into
advanced machining technologies, where chip removal rates can be increased without
sacrificing workpiece accuracy (Addhoum & Broussaud 1989; X. Tian et al. 2013a). There are
two main methods of achieving high chip removal rates. These are (1) increase cutting speeds
or (2) increase chip cross section. The second method is less desirable due to deflection and
stability constraints, whereas the increase of cutting speeds has been the preferred option
for modern industry, translated into what is known as high-speed machining. However, the
increase of cutting speeds creates high stresses and high temperatures in the tool-workpiece
interface, resulting mostly in tool material softening (Addhoum & Broussaud 1989; Liu et al.

2002).

High-speed machining has been applied in many manufacturing industries. One of these is
the aerospace industry, where Heat Resistant Super Alloys (HRSA) are commonly used for
many components (Liu et al. 2002). Nickel-based super alloys are a type of HRSA widely used
for engine parts due to their high-temperature strength, high toughness and resistance to
degradation by corrosion or oxidation (Zhu et al. 2013). Therefore, any machining process of
these super alloys demands cutting tool materials that can cope with these workpiece

properties whilst withstanding the extreme process conditions mentioned above.
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2.1.1 Ceramic Cutting Tools: SIAION

Ceramic cutting tools have been found to possess excellent material properties for the
turning and milling of super alloys and other hard materials. For instance, ceramic tools
soften at about2200 °C, whereas carbide tools soften at about 870 °C. This condition is known
as hot hardness, and Figure 2.1 shows the Vickers hardness against temperature for different
cutting tool materials (Grzesik 2008). Ceramic cutting tools also demonstrate a good balance
between performance and cost, being able to bear cutting speeds 20 to 30 times faster than

carbides, making them quite cost effective (Casto et al>, 1993; Sandvik Coromant, 2010a).
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Figure 2.1: Tool hardness (Vickers) against temperature (°C) for different cutting tool
materials (Grzesik 2008).
Ceramic cutting tools can be divided into two main groups: ceramics based on aluminium
oxide (Al;03), and the ones based on silicon nitride (SisN4). This last group has high fracture
toughness, high strength and very good thermal shock resistance, making them able to
maintain their hardness at very high temperatures (Grzesik 2008). SiAIONs are solid solutions
based on the silicon nitride and are broadly used for machining nickel based super alloys.
They are more chemically stable than fully dense silicon nitride tools, with high strength and
fracture toughness (Grzesik 2008; Zheng et al. 2012). However, SiAION cutting tools, as well
as most other ceramic cutting tools, tend to have a short tool life. Richards & Aspinwall
(1989) compared a machining process of a turbine engine compressor disc using carbide
tools and SiAION tools. Their results showed that carbide tools gave a tool life of around 20
min whilst the ceramic cutters only gave 4 min of time life. However, when the machining
parameters of speed and feed were compared, there was an increase by a factor of seven.
In recent years, these cutting tools are extensively used in rough milling due to their cost

effectiveness, being faster than regular carbides (Arunachalam & Mannan 2000).
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2.1.2 Cutting Tool Wear

The cutting parameters selected for every high-speed machining process are generally
maximised to assure high productivity. This condition creates extreme cutting conditions
where tool life becomes shortened. These conditions include high temperatures, prone to
oxidation, diffusion and thermal wear and high sliding contact pressures that promote
intense tool wear, leading to tool failure. Therefore, tool wear becomes a rich tribological

phenomenon where different wear mechanisms can generally be identified (Astakhov 2006).

Regarding tool wear, there are six different secondary tool wear mechanisms shown in Figure
2.2, which are standardised by ISO 3685 and are widely studied and used to determine tool

properties and tool life:

1. Crater wear (or rake face wear) is found on the rake face of the cutting tool, generally

caused by the chemical interaction of the insert’s rake face and the hot chip.

2. Flank wear is found on the clearance side of the cutting tool and it is promoted by
abrasion and sliding wear between tool and workpiece. This mechanism is commonly
used in wear assessment studies of cutting tool materials.

3. Built-up edge occurs when machining low carbon steels and nonferrous materials at
low speeds, and where there is welding of the material chip onto the cutting tool.

4. Notch wear can be found at the side of the flank face of the cutting tool, and it is
mainly due to the abrasion of the hard, outer edge of the hot chip. This is especially
serious with nickel-based super alloys, as they have high work-hardening properties
and generate high cutting temperatures. This mechanism can lead to tool failure due
to tool fracture and can be minimized using round inserted tool.

5. Nose wear tends to occur in pointed cutting tools, where there is a deformation of
the cutting tool edge.

6. Thermal cracks are mainly present in cyclic processes like milling, where there is a
thermomechanical fatigue from the constant heating and cooling of the tool. This
mechanism can lead to the dilapidation of the cutting tool due to the growth of these

cracks (Grzesik 2008).

11



CHAPTER 2: LITERATURE REVIEW

SECTION A-A
Geometrical indicators of tool wear:

VBg — Average flank wear land width.
VBsmax — Maximum flank wear land
width.
VBn — Width of notch wear.
~{VBgi= VBc — Width of flank wear at tool corner.
| KT — Crater depth.
Flankwear KM — Distance from the cutting edge to
land the deepest crater point.
A KB — Distance from the cutting edge to
= VBgmax.  the back crater contour.
VBg KF — Width of the land between the
— = .
crater and cutting edge.

N KE — Radial displacement of the tool

corner.

Plane Pg

Zone

04

Figure 2.2: Types of tool wear per 1SO 3685.
Flank wear is the tool wear mechanism mostly used for assessment, as it can be progressive
and easier to monitor. In Figure 2.2 it can be seen how this secondary wear mechanism is
divided into 3 zones: zone C is identified in this case for squared or pointed tools and this
zone is where the rounded part of the cutting edge or corner is found, zone N includes the
notch wear, and zone B is where assessment measurements are extracted. VBg is the average
flank wear, broadly used to evaluate tool wear development and tool life, nevertheless, VBmax

can also be used as tool life criterion by means of a threshold.

Furthermore, the primary wear mechanisms that are present in these secondary tool wear

mechanisms can also be classified into five main groups:

o Abrasive wear from the relative motion between tool and workpiece, promoting
material loss from the sliding of hard particles of the workpiece with the cutting tool;
mostly present in flank wear.

e Adhesive wear can be found as part of the built-up edge secondary tool wear
mechanism, where fragments of the hot chip adhere to the cutting tool.

e Diffusion wear is a thermally-activated mechanism where atom migration occurs,
however, this primary mechanism is more commonly found in carbide and tungsten
carbide tools.

e Oxidation wear is also promoted by high temperatures, it depends greatly on tool-
workpiece materials and cutting conditions. It consists in a chemical reaction
between the cutting tool and workpiece materials, along with exposed air.

e Thermal wear that occurs due to thermal softening, leading to plastic deformation

or material fracture. (Altintas 2000; Grzesik 2008)

12
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All these primary wear mechanisms and their relation with cutting temperature can be
represented by Figure 2.3, which is a generic figure by Grzesik (2008) for cutting tools in
general. Therefore, this figure would vary depending of tool wear materials. However, a

similar graphic could not be found specifically for ceramic tools.

Total wear
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Figure 2.3: Machining physical primary wear mechanisms as a function of cutting
temperature (Grzesik 2008).

Authors like Casto et al. (1993) and Zhu et al. (2013) have investigated the characterisation
and study of ceramic tool wear mechanisms and general tool wear in machining nickel-based
alloys. However, more detailed and earlier assessments of SIAION’s can be found in the work
of Bhattacharyya et al. (1983) and Aucote & Foster (1986) where both deepened into the
tool material composition and its wear mechanisms, finding a dominating presence of
diffusion wear, abrasion, plastic deformation and chemical wear. However, a more updated
and detailed review of recent studies of SiAION cutting tool wear will be presented in the

next section.

Finally, it is important to mention that a crucial objective of tool wear assessment is the
determination of tool life. While this will not be taken as part of the scope of this research,
it is important to lay out the fundamentals of this for future work. Tool life defines the
corresponding phases of a tool’s wear in a continuous manner (through time). Figure 2.4
shows tool life curves with the different phases or wear zones that a tool may display, taking
the value of flank wear with respect to cutting time. It can be seen how three main zones
include a primary wear zone, better known as the running-in period of the cutting process.

Then there is the secondary wear zone, where the flank wear is more uniform and

13
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progressive; whereas in the tertiary zone, the flank wear increases dramatically, generally

leading to catastrophic failure.
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Figure 2.4: Tool life curves (Ti) at different cutting speeds (Vi) (Altintas 2000).
The most commonly used tool life model is given by Taylor’s tool-life (Equation 2.1), where
a tool’s life (T) is as expected, inversely related to the cutting speed of the process (V).
V.T" = C,
Equation 2.1
Where C; is a constant known as Taylor’s constant that represents cutting speed for one-

minute tool life, and n is an exponent depending on the material tested.

2.1.3 Wear of SiIAION Ceramic Cutting Tools
The different primary and secondary wear mechanisms of SIAION ceramic tools cutting
Inconel 718 found in literature will be discussed fully in the chapter 4. However, it is

appropriate to include a summary of these articles in the present section.

Three pieces of research were found to be of relevance in the present research, as they
include the exact same cutting tools and workpiece materials. Tian et al. (2013b) tested
various cutting speeds, from 600 m/min to 3000 m/min, analysing as well cutting forces and
finding secondary wear mechanisms such as crater wear, flank wear, notch wear and
microcracks. These secondary wear mechanisms would vary between cutting speeds. Zheng
et al. (2016) also tested various cutting speeds, but in a lower range from 200 m/min to 1000
m/min, and found the same secondary wear mechanisms also dependant on the different

cutting speeds. Finally, Renz et al. (2015) carried out a tribochemical approach and found
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different phases of the tool’s wear at different cutting speeds, where evidence of lubricous
tribolayers was found. Again, these findings will be discussed and explained furtherly in the

chapter 4, where they will be compared to the present research’s findings.

2.2 Tool Condition Monitoring

Referring again to the aims and objectives of the present research, this work consists in
developing the foundations of a Tool Condition Monitoring (TCM) for the assessment of tool
wear. Having discussed the literature on tool wear, this section will now investigate the area
of Tool Condition Monitoring (TCM). This section centres on exposing aspects of TCM and its
application to machining operations, with a final section on the research that relates more

closely to this work.

The constant evolution and development of different advanced sensing devices have made
the task of condition monitoring of different processes and tasks more diverse and
accessible. Also, the different data and signal processing algorithms that can be implemented
in software programmes, have opened new possible ways of monitoring. In the specific area
of machining, the introduction of high-speed machining has made tool condition monitoring

very important (Byrne et al. 1995).

According to Ambhore et al. (2015), the different methods that can be used to monitor tool
condition can be sorted into direct and indirect methods. Direct methods involve direct
contact with the tool and process, requiring direct measurements and manipulation of the
cutting tools. These methods include sensing techniques such as electric resistance, optical
sensing, radioactive sensing, tool geometry measurements and vision systems. However,
these methods deal with the ever-present difficulty of lack of access to the actual cutting
area of a machining process, nevertheless they tend to be more accurate. Indirect methods
like cutting forces, vibrations, temperature analysis, acoustic emissions, surface roughness
and vision systems, on the other hand, are not directly measured and signal processing
techniques are needed to analyse and correlate these signals to actual conditions. Vision
systems appear in both lists because they can be used to directly photograph cutting tools,
in the case of direct methods, or else record external features of the machining process that
can be related to tool wear, such as surface roughness, or in the case of this research, cutting
sparks evolution. Ambhore et al. also mentioned that these methods typically follow the
general sequence in systems of tool condition monitoring shown in Figure 2.5. It is however

in the last four sections where most of the research in TCM tend to concentrate.
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Signal Tool

Machining Processing Condition

Figure 2.5: Tool condition monitoring systems general sequence (Ambhore et al. 2015).
The search of an accurate and efficient TCM system is the main objective of most authors.
Nevertheless, due to the great variety of machining processes, as well as the different tool
materials, their geometries and the workpiece materials, most proposed systems seem to

only be applicable to the certain conditions presented by their authors.

Direct methods of measuring tool geometry are perhaps the most widely used monitoring
and inspection methods. As it was reviewed in section 2.1.2, there are some secondary wear
mechanisms that are generally used for wear assessment and monitoring, such as flank wear
(either average or maximum) and crater wear (area or depth). Therefore, most of the direct
methods consist in directly measuring, in some manner, the geometry of one or all of these
secondary wear mechanisms. In the next section, there will be some examples of these
methods, using vision systems and algorithms; however, since the main research of this
thesis concentrates in the creation of an indirect TCM method, there will be a deeper analysis

of this second group.

Inside the indirect TCM systems, the most commonly used and researched are cutting forces,
vibrations and acoustic emissions. For instance, Ko & Koren (1989), in a very early publication
of TCM, compared and correlated the cutting forces in a turning operation with flank wear
(or clearance wear) to create a model of force-wear relationship. Similarly, Zhang et al.
(2012) also compared and related cutting forces to tool wear to support that Minimum
Quantity Cooling Lubrication (MQCL) was the optimal lubrication system for dry end-milling
Inconel 718. On the other hand, other authors have used machine learning algorithms to
create TCM systems with cutting forces. One example is the work of Wang et al. (2014),
where they created a cutting forces-based TCM system using Relevance Vector Machine
(RVM) and compared this to a Support Vector Machine (SVM). They developed a binary
classifier RVM that delivered more accurate results than the SVM using several training
samples. Furthermore, they also compared the classification processing time, finding that on
average, the RVM was 35 faster than the SVM. Likewise, Azmi (2015) used cutting forces for
an Adaptive Network-Based Fuzzy Interference Systems (ANFIS) to monitor tool wear in an

end milling operation of glass fibre-reinforced polymer composites. This author compared

16



2.2 Tool Condition Monitoring

two ANFIS models with different partitioning techniques (grid partitioning and subtractive
clustering). The resulting models successfully matched the nonlinear relationship of tool

wear and cutting forces, presenting low values of root mean square errors.

Also, several authors have taken different approaches to relate vibrations and tool wear,
where some have also used machine learning for tool wear analysis and prediction. Orhan et
al. (2007) used vibration as a general tool condition monitoring method during end milling,
by finding threshold values that matched tool wear and vibration data. Furthermore,
Mohring et al. (2016) also evaluated vibration signal in a milling operation to find its
relationship with wear, proposing the integration of sensors inside the milling tool for future
prediction work. There is also the work of Venkata Rao et al. (2013), who used a Taguchi
design of experiments method to correlate tool wear with vibrations, implementing an
ANOVA and regression analysis to evaluate tool life. On the other hand, inside the machine
learning side of TCM, G. F. Wang et al. (2014) used a support vector machine (SVM) decision-
making algorithm in order to compare C-SVM to v-SVM in a vibration-wear TCM system.
Krishnakumar et al. (2015) also extracted vibration data from a high-speed machining
operation of titanium alloy, to classify tool condition using a J48 Decision Tree and Artificial
Neural Networks. As well, Sevilla-Camacho et al. (2015) successfully designed and
implemented an online and real time TCM system, where digitised vibration signal was
introduced into a single field-programmable gate array for training and monitoring of their

prototype device.

On the side of acoustic emissions (AE), Kannatey-Asibu & Dornfeld (1982) showed an early
use of AE for TCM, relating this signal to flank wear by finding that the kurtosis and skew of
a B distribution for root mean square (RMS) acoustic emission signal is sensitive to chip
contact to the tool’s rake face and tool wear. Zhou et al. (2011) on the other hand, used AE
to monitor tool life by implementing an auto-regressive moving average and compare results
with cutting forces. Additionally Pawade & Joshi (2012) and Olufayo & Abou-El-Hossein
(2015) used correlational methods to evaluate AE signal, where the first research included
tool wear and workpiece surface roughness in the correlations, finding AE waveforms and
amplitudes that correspond to different conditions and behaviours; the second work,
however, only correlated AE data with tool wear, but set the basis for a proposed Neural
Network for tool life prediction. Lastly, Ren et al. (2014) extracted AE signal data from micro
milling operation to implement machine learning through a type-2 fuzzy logic system to

monitor tool wear and estimate tool life.
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While these articles showed a successful implementation of each monitoring method, some
other authors found a similarly successful approach to TCM through a combination of
methods. An example of this is the work carried out by Dimla & Lister (2000), where they
analysed both cutting forces and vibrations to find their relationship with tool wear,
proposing future work with neural networks. There is also the work of Haber et al. (2004)
that included the use of cutting forces, vibrations and AE signal to monitor tool life. Ghosh
et al. (2007) also combined these three signals to estimate average flank wear by
implementing a neural network for tool wear prediction. And finally, Marinescu & Axinte
(2008 & 2009) present two articles where AE are backed up by cutting forces signal to

monitor tool wear and workpiece surface integrity in milling operations.

While all these approaches and methods are successful in evaluating, analysing and/or
predicting tool wear, they are all highly dependent on the actual machining operation
parameters and variables, namely: machining method, machining parameters, tool material
and geometry and workpiece material. This is, therefore, an important disadvantage of
indirect methods of TCM, however, when correctly implemented, they do perform a very

accurate TCM in either a real time or an online manner.

The TCM system proposed in this research, being an indirect vision method, share this
dependency on machining operation parameters and variables. However, the flexibility and
effectiveness that vision could provide to a monitoring system are worth exploring. The wide
availability of cameras and vision systems, along with their lowering costs, make these
sensing devices more accessible. Furthermore, some of these methods require careful and
accurate installation of devices inside the machining system. Cutting forces and vibrations
sensors are commonly installed inside machine-workpiece fixtures, or even directly on the
workpiece. Vision systems, on the other hand, can generally be installed almost anywhere
inside the machining area, depending on their objective. Therefore, these systems are worth

exploring, and different examples can be found in the next section.

2.2.1 Vision TCM Systems

Vision is another widely used method for both Direct and Indirect TCM. The access and costs
of image acquisition systems have become much more accessible, and the computational
capabilities of vision-based systems have improved significantly in the past decade.
Furthermore, there are various imaging techniques that can be implemented for monitoring.
The most widely used include cameras with CCD and CMOS sensors. These two types of

sensors can efficiently capture and process a scene in the visible spectrum, either in intensity
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levels (grey-scale) or in full colour (RGB). The main difference between these is the
processing speed, power consumption, light sensitivity, resolution and cost. CCD sensors
generally have higher resolution and light sensitivity, with a reduced presence of noise,
however, CMOS sensors are much less expensive and tend to have faster processing speeds

and lower power consumption.

On the other side, there are other imaging techniques that deal with other multispectral
spectral bands of light or hyperspectral bands of the electromagnetic spectrum, are mostly
to accentuate or extract other non-visible features of a physical scene. This is the case of
infrared cameras, which are widely used to capture temperature values. These devices are
also broadly implemented in TCM, however, these are extremely expensive and slow
processing cameras, and they deal with an entirely different approach than the one proposed
in this research, as the analysis of the process temperature is out of the scope of this
research. Similarly, imaging of other spectral bands could aid in accentuating certain features

of the machining scene.

Another category of imaging techniques include modalities that are mostly used in medical
imaging. These include X-Rays and Magnetic Resonance Imaging (MRI), where both can be
captured in 2D or as 3D tomography. However, these techniques are very expensive and
require configurations and resources that would be very difficult to implement in a

machining environment.

These alternative techniques of multispectral and medical imaging methods would require
an entirely different analysis and approach to the one proposed in this research. Therefore,
the traditional visible spectrum imaging was selected for this research, but the use of other

techniques could be part of this research’s future work.

Many researchers have also worked on different approaches to monitor tool condition using
traditional imaging, and in some cases, predict tool life. In Table 2.1 there is a selection of

different authors that have worked with vision as a direct method of TCM.

Limiting to the literature regarding milling operations deemed relevant for the present
research, it was found that most authors carried out direct imaging or measuring of cutting
tool wear by either dismounting the tool or insert from the machine, or else doing it in-
process. Xiong et al. (2011) presented a well-round and mathematically supported approach
to tool wear measurement through an active contour detection methodology. They

managed to accurately and repeatedly isolate tool wear by producing a binary image that
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includes only the worn region and where background noise was successfully and completely
removed. However, their approach was based on complete interruption of the machining
operation, removal of the cutting insert and use of a separate image capturing apparatus.
This method, whilst allowing the capture of very clean and clear images, appeared to be
highly dependent on the carefully calibrated illumination system; making this approach in-

situ rather than in-process.

Wang et al. (2005), on the other hand, managed to develop an in-process system that
managed to capture tool flank wear data inside the machine and while the spindle is rotating.
They applied relatively more complex image processing techniques that included
thresholding, segmentation and morphology operations, and used a fairly simple
illumination system. The ability of doing the wear measurement on-the-fly is a very
interesting and highly desirable capability, as avoiding a constant stopping of the machining
can help preserve more continuous machine dynamics and improve machine health. As

described in their article, this gives a high potential for industrial application.

Li et al. (2013) present a closer study to the one presented in the current research, exploring
the measurement of tool wear for a milling process on Inconel 718, but using PVD coated
carbides. They present an in-process image acquisition system to capture tool wear data with
a simple illumination system. However, the measurement of tool wear was completely
manual and without any complex manipulation of images through image processing. It could
be argued that a manual assessment of tool wear could improve measurement accuracy, but
this article presented only one test sample per material and no baseline with any other

common method of wear measurement.

Finally, Wang et al. (2006) present in their article a very relevant approach to 3D mapping of
crater wear through the use of a phase shifting method using fringe patterns. The article has
a well-supported methodology, successfully capturing crater wear depth, with, centre
distance and front distance with high accuracy; with high robustness to illumination variance
and background layout. Nevertheless, a limitation identified for this technology is the

selection of the fringe pattern, as its width impacts directly on the system’s accuracy.

Table 2.1: Articles using vision as a direct method of TCM.

Imaging of cutting tools and processing to extract flank
and crater wear. Wear information and cutting
conditions introduced as inputs in a Neural Network to
estimate tool life.

Turning
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Imaging of cutting tools and processing to extract flank
and crater wear information.

Processing of cutting tool images of flank wear, using
Turning texture-based segmentation. Proposes a simple, non-
contact method of tool wear assessment.

Review of the basic principles, instrumentation and

Milling

CNC . . L
. processing techniques for vision-based TCM.
machines
Discussion of advantages of machine vision as direct
Inserts measurement technique. Gives general image
processing techniques appropriate for tool wear
measurement.
Classification of tool morphologies and tool wear
- assessment, proposing a flow chart for defect
Milling and .\ RISROSE o
. recognition and quantitative assessment. Uses
Turning . .
algorithms to recognise all the assessed defects
implementing texture segmentation.
Measurement of tool crater wear using white light
. interferometry, in conjunction with cutting tool forces
Turning .
to catalogue tool wear and set the foundations of a
monitoring system.
In process system for flank wear measurement
s implementin enhancement, thresholdin and
Milling P & &

segmentation in high-speed images, as the cutting tool
is captured as it rotates.

Measurement of volumetric loss in tool crater wear and
Turning flank wear, comparing results with cutting forces and
machined surface topography for too life assessment.
Measurement and classification of tool wear through
Gaussian filters and histogram equalization, comparing
used and unused tool profiles.

Measurement of crater wear by 3D image construction
Milling of cutting tool inserts using phase shifting fringe
patterns.

Imaging of flank wear and use of segmentation to find
and classify geometrical descriptors. Use of Fowlkes-
Mallows index along with other statistical analysis to
evaluate wear evolution.

Digital imaging of tools’ cutting edges, using contour
signatures of wear region as input for classification and
implementation of k-nearest neighbour and a neural
network.

Images of cutting tools are processed to locate the wear
area contour for tool wear measurement.

On-line measurement of flank wear in ball-end milling
Milling cutters, using subpixel edge detection to find tool wear
area.

Images of cutting tools are processed to extract crater
wear values for a neural network to estimate tool wear.

Micro-
milling

Turning

Turning

Milling

Turning

21



CHAPTER 2: LITERATURE REVIEW

Integrate an optical system with a CNC machine to
Milling inspect and measure flank, nose and crater wear; and
the results are compared to SEM-based measurements.
Imaging of micro-milling tools and use of a region
Milling growing algorithm based on morphological component
analysis to extract wear regions.

There is as well work regarding indirect methods of TCM, and a selection of these researches

can be found in Table 2.2.

Table 2.2: Articles using vision as an indirect method of TCM.

Three techniques/parameters in the surface roughness
assessment are taken for tool wear monitoring, using

Milling machine vision; these are histogram analysis, image
frequency domain content and spatial domain surface
texture.

Fractal analysis of surface texture and implementation
of Hidden Markov Model to classify various states of
wear for TCM.
Surface texture images are analysed for TCM using
Turning &  Hough transform, where in the 2004 publication, a
Milling multilayer perceptron neural network is applied to
estimate flank wear.
Depending on tool wear, a relation is found between
Milling surface roughness and fractal dimension, and it is used
as an in-situ TCM system.
Images of the machined surfaces are processed using
hidden Markov model, on features extracted from a

Turning &
Milling

Turning . . .
grey level co-occurrence matrix, to classify and monitor
tool wear.

Through in-process imaging of workpiece’s surface

Turning roughness, cutting tool failure by chipping is monitored

using autocorrelation analysis with subpixel accuracy.

It can be appreciated that many of the present articles on indirect measurement of tool wear
through vision rely on the processing and analysis of surface roughness or surface
topography. Most of these methods use different pattern recognition and machine learning
methods to relate surface roughness to tool wear or to classify different stages of wear.
However, a large percentage of these articles include a post-processing approach. Between
these, most of their implementation was mainly to turning operations. Kassim et al. (2006),
however, managed to implement fractal analysis of the surface texture to overcome the
more variable surface roughness in milling operations. Kang et al. (2005) also used fractal

analysis, however, they complemented the image data collected with a stylus type surface
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profiler. This methodology enabled them to capture a full surface topography that was later

used to correlate this surface roughness to tool wear.

On the other hand, Bhat et al. (2016) managed to carry out the assessment of surface
roughness in-process by locating a camera close to the machined workpiece inside the
machine, acquiring images of the machined surface. They implemented a grey level co-
occurrence matrix analysis, which can calculate spatial correlation properties of the surface
texture, and later used a hidden Markov model for tool condition classification. Their
approach appears to be an accurate on-machine tool wear monitoring system, however, the
robustness of the apparatus presented in their article may be affected by variable

illumination and cleanliness of the workspace area.

Lee, et al. (2016)also developed an in-process and potentially live tool chipping monitoring
system through continuous assessment of workpiece surface roughness. This article includes
a very well-round methodology and a very complete assessment of tool wear to evaluate
tool chipping conditions and consequences. Using an autocorrelation sub-pixel analysis, the
level accuracy of their technology appears high and their method quite robust. Their testing
was close related to the present research, as their machining process used an aluminium
oxide-based ceramic cutting tool on a hard to machine workpiece; and the apparatus was

based in a common SLR camera.

Whilst these two tables and articles are just a sample of the work being carried out, it can be
appreciated how the quantity of research in indirect vision methods of TCM is less when
compared with direct vision methods, leaving an important gap in this area where further

methods of indirect TCM can be explored.

2.3 Digital Image Processing

Digital image processing (DIP) refers to the acquisition of digital images which are then
processed by a computer. DIP has grown considerably in the last decade due to the important
advances made in the development of different algorithms (Cuevas Jimenez et al. 2010).
Also, the constant reduction in costs of different image acquisition devices has made them
very affordable for different tasks, such as the monitoring of a machining process. Whilst this
last application will be further explored in the next section, the different principles of image

processing that will be used for the research will now be explored and described.

A digital image can be defined as a two-dimensional function that quantifies light intensity

(with the visible spectrum being the most commonly used). An image is commonly
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represented as / (x, y), where the intensity value is taken by the indexed coordinates x and
y; and these intensity values are known in a digital image as pixels. The most common
representation model of an image is given through an M X N numerical array or matrix, as

shown in Equation 2.2 (Gonzalez & Woods 2010).

1(0,0) 1(0,1) o I(0,N—1) )

1(x,y) =( : . :
IM-10) IM-11) - IM-1N-1)

Equation 2.2
This digital image matrix can be then manipulated by different kinds of software for different
purposes; MATLAB! is one of these, as it can work with these images’ matrices and perform
mathematical operations with them. This software was chosen for all the image processing
carried out throughout the research, and for this reason, all the principles of DIP in the next
sections will be oriented to their usage and representation in MATLAB, specifically to its

Image Processing and Computer Vision toolboxes.

2.3.1 Grey Scale, Binary and Colour Images
There are three main types of image representation commonly used in image processing,

these are:

1. Grey-scale or intensity images.

2. Binary or logical images.

3. Colour or RGB images.
Grey-scale or Intensity Images (see Figure 2.6) have 2D arrays of size M X N matrices, as
mentioned previously, where each number of the matrix represents different values of
intensity for a specific pixel. In MATLAB, each pixel has either an integer value in the range
of [0,255] in the case of unit 8 images, or else floating-point values scaled in a range of [0,1]

for double images.

1 MATLAB R2017a, Image Processing Toolbox and Computer Vision Toolbox, The MathWorks, Inc.,
Natick, Massachusetts, United States. URL: https://uk.mathworks.com/products/matlab.html
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Figure 2.6: Grey-scale image of a machining process.
Binary or logical images (see Figure 2.7) on the other hand, have a logical array of Os and 1s
in their matrices. These types of images are built through a threshold value of intensity that
separates pixel values into these two logical possibilities, displaying images in two colours,

usually black and white.

Figure 2.7: Binary image of a machining process.

Colour or RGB images are 3D arrays of M X N pixels or a stack of three grey-scale images,
each with different intensity values. Each one of these matrices represents a colour channel
in the resulting image: Red, Green and Blue. Colour images can also be represented with
integer (unit8) and floating-point (double) values with ranges of [0,255] and [0,1]

respectively (Cuevas Jimenez et al. 2010).
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Figure 2.8: RGB image of the machining process.
These three formats are widely used for different purposes of computer vision and image
processing, and MATLAB has different algorithms for image conversion between these
formats. The algorithms of image conversion from colour images to grey-scale images (RGB
to grey), and from grey-scale to binary images (grey to binary) are represented by Equation
2.3 and Equation 2.4 respectively.
I;(x,y) = Cilrep(x, ¥, 1) + Colrep(x,y,2) + C3lggp(x,y,3)
Equation 2.3

1if I4(x,y) < threshold

bw(x, ={
wx,y) 0 otherwise

Equation 2.4
In the RGB to grey conversion, I, (x, y) is the created grey-scale image and I is the original
RGB image. The constants C;, C; and Cs give a weight to each colour component (Red, Green
and Blue respectively) of the colour image, and in MATLAB their default values are C; =
0.2989, C;=0.5870 and C3 =0.1140. In a basic grey to binary conversion, bw(x, y) represents
the binary image and the threshold discriminates intensity values to assign either 1 or O

values.

2.3.2 Image Filtering

There are three basic filters that would be applicable for the isolation of the cutting sparks,
these are low-pass, high-pass and band-pass filters. These filters are commonly used to
either increase or reduce an image sharpness, nevertheless, they can also be used to reduce
noise. They are normally applied to images in the frequency domain, using Fourier

transformations (Cuevas Jimenez et al. 2010).

A low-pass filter Hy, has an ideal transfer function given by Equation 2.5. The term ideal
indicates that all frequencies inside a defined circle radius are passed without attenuation,

whereas all other frequencies outside are completely filtered out.
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1if D(u,v) < Dy

Hyp(u,v) = {0 if D(u,v) > Dy

Equation 2.5
Where D, is a non-negative number and D (u, v) is the distance from the point (u, v) to the
centre of the filter, therefore only allowing frequencies inside the radius D, get through. In
the present research, a rectangular shape of the low-pas filter was used and its visual
representation is shown in Figure 2.9 (c). In Figure 2.9 (b), a shifted-absolute visual
representation in the frequency domain of the cutting spark in Figure 2.9 (a) can be found.
This visual representation shows the lowest frequency values in the centre, and increasing
radially. Therefore, the low-pass multiplies by 1 the low frequency values inside the
rectangular filter, and by zero all the rest, as shown in Figure 2.9 (d). The resulting image is
shown in Figure 2.9 (e), where the image colour range was remapped to visualize the filtered

image.

.

(d) (e)
Figure 2.9: Original image (a), image in the frequency domain (b), ideal low-pass filter (c),
result in frequency domain (d) and resulting image (e).
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A High-pass filter, on the other hand, has the exact opposite structure to the low-pass filter,
as shown in Figure 2.10 (a). For this reason, it can be expressed using Equation 2.6.
Hpp(u,v) =1 — Hp(w,v)
Equation 2.6
Where Hy, and Hy, are the high-pass and low-pass filters, respectively. This filter is also

applied to the Fourier transformation of an image, as shown in Figure 2.10 (b).

@ (b)

Figure 2.10: Ideal high-pass filter (a) and the result (b).
Finally, the band-pass filter is used to extract information in a certain direction (Figure 2.11
(a)), allowing either high or low values of frequency, depending on the application. Figure

2.11 (b) shows a horizontal band-pass filter, allowing through high values of frequency.

(a) (b)

Figure 2.11: Ideal band-pass filter (a) and the result (b).
These filters can have different structures: they can have a circle or elliptical shape, instead
of a rectangular one, or they can have a Gaussian distribution for a smooth transition from 0

to 1. These structures depend mainly on the type of application for these filters.
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2.4 Artificial Neural Networks

In machine learning and pattern recognition, there are many models available for regression
and classification of data. One of these are the Artificial Neural Networks (ANN), which are
models that can effectively find relationships between datasets, even when their underlying

rules are partially or completely unknown (Livingstone 2009).

ANN have their origins from the early 1940’s to 1970’s as an attempt to mimic the biological
mechanism of the brain. During these initial stages of rapid development, neural networks
demonstrated good results in pattern recognition as the first neuro-computing systems were
built. However, exaggerated claims of the capabilities of ANN led to rejection from
researchers at the end of this period. It was until the 1980’s that the field of ANN
experimented a resurgence as the model was revisited by many scientists and
mathematicians, experimenting successful results as the capabilities of computer systems

also improved, and resulting in a generalised renewed interest (Yadav et al. 2015).

The most popular model of ANN is the Multi-Layer Perceptron (MLP), which consists of a
series of logistic regression models in the form of layers. This MLP generally include two
layers of adaptive weights that are interconnected between nodes. Other models of machine
learning, such as Support Vector Machine (SVM) and Relevance Vector Machine (RVM),
present different approaches to the MLP. In the case of SVM, the objective function is
convex-shaped, and it is based in the definition of basis functions. However, the number of
basis function can become large, depending on the number of training points, which can
become costly in processing time. RVM on the other hand, include a nonconvex optimization
during training, and unlike SVM, it produces probabilistic outputs. Compared to these two,
the MLP present an alternative approach, as it uses an adaptive parametric approach during
training, resulting in a more compact and faster model (Bishop 2006). Consequently, the MLP

was selected for this research and more information on MLP will be discussed in chapter 7.

2.5 Spark Formation

A wide search for literature on spark formation in machining operations was carried out,
however no articles were found on this subject. Most articles found concentrate on different
aspects of cutting chip formation and cutting mechanics, but none of them include an
analysis or characterisation of spark formation. This absence of literature suggests a gap in
this research area that could be quite relevant for the present research. Nevertheless, this
will not be addressed in the present work, as it was believed it this could be an entire

research project of its own.
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2.6 Summary

This chapter attempted to give a broad idea of the literature that encompass and support
the different approaches and decisions taken during the present research. Therefore, the
chapter commenced with relevant information on ceramic cutting tools, regarding their
composition and applications, leading to the material used in this research: SiAIONs. As
described then, this material presents excellent properties for high-speed rough machining
of nickel-based super alloys, giving an advanced effectiveness when compared to traditional
carbide cutting tools. However, its effectiveness is somewhat limited by the quick way these
materials get worn. Consequently, this was followed by literature that describes the different
primary and secondary wear mechanisms that cutting tools experiment, followed by a

summary of relevant articles that directly assessed SiAION materials.

This led to the introduction of Tool Condition Monitoring (TCM), as literature describing the
importance in understanding and managing tool wear and tool life was included. The
different types of TCM systems (direct and indirect) and their respective methods were
described, and the most relevant method for this research was introduced: Vision TCM
Systems. Therefore, a summarised collection of some of the relevant research on direct and
indirect vision-based TCM was presented. This had the objective of locating the present study

into its respective area of research.

After these sections, some of the relevant knowledgebase found in literature of Digital Image
Processing (DIP) was included to set the bases of the data processing tasks of the research.
And finally, a short description of the historical and technical bases of Artificial Neural

Networks (ANN) was included.

The following chapters are based in the information and literature presented in this chapter,
as the proposed system of TCM is a novel approach, and therefore, no other literature that

attempts to use cutting spark information to evaluate tool wear was found.

30



3 COMMON METHODOLOGY

As described briefly in the introductory chapter, the main purpose of the research concerns
the implementation of a visual tool condition monitoring system. Such a system would,
therefore, require the use of an image acquisition device, recording still pictures or video
feed of the evolution of the cutting process’s sparks. To analyse and select different aspects

III

of the “optimal” method of image acquisition, and to explore other relevant aspects of this
research, three main sets of experiments were carried out. In this chapter, these experiments
will be described to lay out the foundations of the different studies and work included in the

subsequent chapters.

3.1 General System Configuration

Even though different image acquisition devices, CNC machines and materials were used

during the present research, they all followed the general system configuration shown in

Figure 3.1.
—J CNC MACHINE
- ~~ WINDOW
&
SPINDLE
DIGITAL COMPUTER
CAMERA —
\
TOOL
/ e
- R, <)
CERAMIC WORKPIECE (.,
INSERT
CNC MACHINE |
WALL

Figure 3.1: General system configuration.

It can be seen in the figure how this visual monitoring system was configured. It included the
use of a digital camera or image acquisition device, recording images of the cutting area. The

inserts tool holder used in the experiments can be seen in Figure 3.2.
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Figure 3.2: Round ceramic inserts tool holder by Sandvik.
The different parameters and configurations of the camera and general layout would assure
the inclusion of as much visual contact with the entire cutting spark as possible. The digital
camera had to be placed on the exterior of the machine due to its size and in order not to
alter the general function of the CNC machine. In the author’s opinion and experience with
the different experiments, a recording device could also be placed inside the machine. This
could improve the general stability and consistency of the image feed and would be ideal for
a finalised system of visual tool condition monitoring (TCM). General lighting conditions were
kept as constant as possible, however, due to the position of the machine in the workshop,
there was still some variation of natural light. To mitigate the effect of this variable, the
acquisition parameters selected in each test would attempt to obscure the image, so that
the main source of light would come from the spark itself; this will be fully described in

section 3.3.3.2.

After every session, the image data was sent to a computer, where image processing
algorithms were used to extract relevant image features or spark descriptors. The software
used for image processing was MATLAB (R2015b), which is a matrix-based platform used to
manipulate computational mathematics in its own native programming language. It is also
important to mention that the specific toolboxes used for this research are the “IMAGE

PROCESSING TOOLBOX” and the “COMPUTER VISION SYSTEM TOOLBOX.”

To obtain direct measurements of tool wear of the ceramic inserts, two additional tasks were
performed in most of the experiments: insert weighing and insert digital microscope imaging,

as shown in Figure 3.3 (a). By using high precision scales, it was possible to obtain mass loss
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data of the inserts after ever run (see section 4.2.2). This task was especially important to
understand some of the tool wear mechanisms found in the cutting tools; this will be
furtherly described in section 4.2.2. Also, the ceramic insert’s crater and flank faces were
photographed using a portable digital microscope, as shown in Figure 3.3 (b), after every run.

Again, these images would be used to measure and assess different tool wear mechanisms.

(b)

Figure 3.3: Additional tasks during experiments: (a) set-up, (b) digital microscope
imaging.

3.2 Data Processing and Analysis

To extract the relevant data from the cutting process through the images acquired, spark
descriptors had to be chosen to monitor and evaluate the change of spark evolution. Two
main features were selected: spark intensity and spark area. These two were easy to identify,
evaluate and analyse, being the most prominently changing features; while creating a
smooth and very similar evolution to tool wear. Other descriptors such as spark angle, spark
length and colourimetry were also analysed previously, however they did not remotely

match the evolution of tool wear (Dominguez Caballero 2012).
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Algorithms were written for the extraction of each spark descriptor, containing different
operations relevant for each extracted feature (area and intensity). However, both these
algorithms can be summarized by a general algorithm that was designed and segmented into

the four stages shown in Figure 3.4.

Image Capture

Pre-Processing

Image Processing

Feature Extraction

Figure 3.4: Feature extraction general algorithm segmentation.
The first stage of the algorithm included the image capture procedure, which varied between
tests depending on the imaging device and type of feed recorded (still pictures or video). This

stage was the same for both spark features.

3.2.1 Area Extraction

At the pre-processing stage, all images were downloaded into the algorithm in the form of
three-dimensional matrices for RGB images, and one-dimensional matrices for the greyscale
images. Still pictures were read directly by a sequential loop and into a multidimensional
array. In the case of RGB images, they were stored in a MATLAB’s structure array, and
greyscale images were stored into a k-dimensional variable (m X n X Kk); where m is the

height of the pictures in pixels, n is the width in pixels and k is the total number of images.

In the case of the video feed, a section for frame extraction was included in the algorithm,
before the mentioned image storage. This section would read the video file and use a loop
to separate it into its respective frames. These frames could be then treated as still pictures

and hence proceed to the previously mentioned image storage routine.
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Even though it could have potentially simplified the image processing tasks, it was decided
not to do a manual cropping of the images to isolate the area of interest. Instead, a more
unsupervised system of spark detection and isolation of the full image was implemented.
Having a full field image helps acquiring a wider view of the sparks and its variation. Also, this
unsupervised approach is related to the future of the research into a potentially fully

automatic and unsupervised system.

After these tasks, the first picture of each compound was stored as a reference image, where
the idea was to select an image with all the background layout, but with almost no visible

spark.

Then, the image processing stage started with the matrix subtraction of the mentioned
reference image R from each one of the images I, (Figure 3.5) and creating a resulting
subtracted image ;- This task had the purpose of eliminating the background information
using Equation 3.1, and as shown in Figure 3.5 (b), where the area of interest is encircled. As
there were irrelevant bright sections in the image that could be wrongly isolated by the
algorithm instead of the cutting spark, this step assured that high intensity areas would come

from the spark itself; therefore, removing noise from illumination inconsistency.

(b)

Figure 3.5: Result of image subtraction: original image (a) and resulting image (b).

Igype(k) = Iy — R
Equation 3.1

After this, the algorithm performed image enhancements and conversions. In the case of
greyscale images, enhancements consisted in re-mapping intensity values of certain low and
high values into a new image. In this way, only the intensity values belonging to the spark
would be enhanced, making an appropriate spark isolation. In the case of RGB images, a re-
mapping of intensity values was also performed, however, this was applied to each colour
channel (red, green and blue). Re-mapping enhancement was found to be more effective in

RGB images, rather than in greyscale images; given that the cutting spark contained very
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specific colours, improving the effectiveness of the spark isolation. Later, the mentioned
image conversions consisted of converting images into greyscale, in the case of RGB, and
then into binary images, in both cases. The greyscale conversion was performed using a
standard MATLAB command, which uses Equation 2.3 in section 2.3.1 to weight each colour

(R, G and B).

The binary conversion was performed through the luminance threshold level in the range
[0,1] previously shown in Equation 2.4 in section 2.3.1. Figure 3.6 (b) shows an array of
binarizations of the original image (a), displaying on the top of each image the threshold
value used for the conversion. For each experiment and algorithm, the threshold value used
was selected visually, choosing the image that included the largest portion of the spark whilst

introducing the least noise.

0.24 0.28 0.32
-
(b)

Figure 3.6: Binary conversion (a) original image, and (b) binary conversion threshold
selection.
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Through this logical format of the image, it was easier to identify and isolate elements in the
image, such as the spark. However, the presence of noise was an ever-present problem, as

demonstrated by the encircled areas in Figure 3.7.

Figure 3.7: Binary image with examples of noise.
The next step was then to isolate the area of interest even further by image segmentation,
implementing connected components filtering. Connected components are pixels that when
centred in a 3 x 3 window, they have at least another non-zero component around.
Connected components filtering consists in using a threshold value to define the minimum
quantity of pixels that will be considered as an image element (Gonzalez & Woods 2010).
Figure 3.8 illustrates this method of filtering, where only image elements that have 4
(threshold) or more than connected components are allowed through. Therefore, the image
on the right only includes the largest image element with 10 connected components,
eliminating the other two. Inside the present area algorithm procedure, the threshold value
was selected to define the minimum quantity of pixels regarded as a spark, assigning zero

values to components below this number.

Figure 3.8: Connected components filtering.
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The final stage of feature extraction consisted of computing the spark area in each image.
Given that all previous steps were oriented to isolate the spark, it can be concluded that the
sole component in each image was the spark. Therefore, Equation 3.2 shows how the spark
Area was computed, where ccli,j] is the resulting image after connected components
filtering. Given that the image is binary, with logical values with dimension [0.1], the total

value of this summation will be equivalent to the total number of pixels in the spark.

m
Area = z ccli, jl

n
i=1j=1
Equation 3.2

3.2.2 Intensity Extraction

For the extraction of intensity, the general algorithm shown before in Figure 3.4 was also
applicable. The initial stage of image production and pre-processing included the exact same
structure as in the area extraction. It is, however, in the image processing and feature

extraction stages that some different processing techniques were used.

In the image processing stage, the same image subtraction and image enhancement process
as in the area extraction was used. However, to isolate the intensity information of the spark,
a filtering technique was introduced and a low-pass filter was selected. A description of
different filters can be found in the literature review in section 2.3.2. An analysis of these
filters and parameters was conducted in previous work, and a low-pass filter was found to
be an appropriate option for the present application. This was concluded given that the spark
would generally be a solid and consistent element in the image, including low-frequency
values. High-frequency elements on the other hand, generally comprise of repeated and
drastic changes in intensity, which is the case of edges and noise. Therefore, while low pass
filters tend to blur or even decompose an image, in the present case the high, and to a certain
degree, constant intensity inside the spark is successfully isolated (Dominguez Caballero

2012).

To select the size of the low-pass filter window, a sub-task compared the lowest frequency
value found in the centre of image in frequency domain with its surrounding values in a
horizontal and vertical line. If a surrounding value exceeded a certain threshold, this value’s
position would describe an edge of the filter window. This threshold was derived from the
same lowest frequency so it could be adapted to different images; and it was selected

experimentally by trying different levels and assessing results.
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Accordingly, the algorithm implemented a low-pass filter to each image in the frequency
domain by a Fourier transformation F, as shown in Equation 3.3.
B =1QF*(H,;)
Equation 3.3

Where B is the resulting image, | is the image processed to this point in the algorithm and
Hipis the low-pass filter. In Figure 3.9 (a) - (d), the implementation of this equation can be

appreciated.

(c) (d)

Figure 3.9: Original Image (a), image in the frequency domain (b), a low-pass filter (c) and
resulting image (d).

Figure 3.9 (d) displays how the image intensity is now governed by the spark. Figure 3.10
shows a series of images taken during a milling operation and their respective resulting
images when a low-pass filter was applied (Dominguez Caballero 2012). The resulting images
show more detail of the original background than Figure 3.9 (d) because a wider low-pass
filter window was used to illustrate the filter interaction with the original image. However,

the intensity of the spark again governs the image intensity.
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Figure 3.10: Images from a milling operation including their respective low-pass filtered
resulting image, and intensity level (background graph) (Dominguez Caballero 2012).

Therefore, at the feature extraction stage of the algorithm, a summation of all the elements

in the image matrix B was performed to calculate total Intensity, as shown in Equation 3.4.

Intensity = Z Bli,j]

n
i=1j=1
Equation 3.4

3.3 Experiments

As mentioned at the beginning of this chapter, three main experiments sessions were carried
out during this research. This was the maximum number possible, given the availability of
materials and resources, as well as the accessibility to machine time greatly reduced the
possibility of performing more tests. However, the experiments carried out were successful,

the specific session objectives were achieved, and the data obtained was adequate.

In this section, the three main experiment sessions will be described, including the materials,
parameters and devices used. Nevertheless, all the experiments will be revisited in the
upcoming chapters to describe in more detail their planning and the selection of their various

resources, as well as to support the different analyses carried out in each chapter.

3.3.1 First Experiments — Previous Work Revisited
It was stated in the introductory chapter, in the background section, that this research

follows on from previous work, initiated at the author’s Master’s degree. In that study, the
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main results were the successful extraction of spark intensity, analysing different filtering

approaches, and the first approach to comparing spark evolution with actual tool wear.

In the present research, on the other hand, the initial objectives were to create a spark area
extraction approach and to improve the algorithms already created in the previous work. For
this reason, these first experiments describe the testing parameters used in that previous
work, as they would be revisited and reused to lay some of the foundations of this research
in the chapter 6. It is important to mention that these tests were carried out at the University
of Sheffield’s Advanced Manufacturing Research Centre (AMRC) as part of a different project,

therefore, the machining parameters were preselected for that project.

This initial monitoring system was built using a regular SLR Canon EOS 60D digital camera,
set to record images of the cutting area of the machining process, as shown in Figure 3.11.
The milling machine used was a Starrag ZT 1000 5 axis CNC with a Siemens Sinumerik 840D
controller. Four tests were carried out and during the machining time, the camera captured
images at a constant rate, with a special focus on the sparks that this process produced.
These images were later transferred from the camera to a computer to implement the

different image processing algorithms.

Figure 3.11: First set of experiments system set-up at the workshop.
3.3.1.1 Image Acquisition
In contrast to the human eye or a video feed, still pictures are a single sample of a short
period of time. In an SLR camera, the shutter speed parameter is the one that controls the
sample length in a single image. Therefore, the selection of speed parameters can be a
common dilemma that is mainly dependent on the application. In Table 3.1 the parameters
of the four tests can be appreciated, where these parameters were categorised as fast,

medium and slow. Parameters in the third and fourth tests were the same given some
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conclusions that were drawn at that point of the research. Additionally, the fourth test
included machine stops between 8 runs for tool wear measurements. The first objective of
these tests was to assess which of these parameters were the most appropriate for this
application using test one, two and three, discussed in the chapter 5. The second objective,
discussed in the chapter 6, was to support the research hypothesis of a spark-wear

relationship using test four.
Table 3.1: First experiments tests using fast, medium and slow shutter speeds.

TEST 1 TEST 2 TEST 3 TEST 4
PARAMETER [Ziti} MEDIUM  SLOW SLOW

1/640  1/125 1/5 1/5
F3.2 F5.0 F2 F22

N

3.3.1.2 Machining and Parameters

The study was performed using a five-axis high-speed milling machine and all of the tests
used the machining parameters shown in Table 3.2. The cutting tools used were SiAION
ceramic inserts RNGN120400E 6060 from Sandvik Coromant, in a 4 inserts and 63 mm tool
holder. The workpiece was a Waspaloy ring (Figure 3.12) and the general standardized

composition of this material is shown in Table 3.3.

Table 3.2: Milling machining cutting parameters.

PARAMETER VALUE

875
Feed per minute Vf (mm/min) 1843
4761
15
63
29.25

Feed per tooth fz (mm) 0.097
A
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Workpiece
Workpiece
rotation / Cutting
Feed Depth
. (continuous)
Tool

* __ Camera Location

Figure 3.12: Waspalloy workpiece ring.

Table 3.3: Standardized waspalloy composition.

ELEMENT MIN % MAX %
0.02 0.10
~ 050
| silicon ISRV E
18.0 21.0
M Balance
0.003  0.008
D - | 20
T 20 15.0
2.60 3.25
| Aluminium [N 1.50
3.50 5.00
| Zirconium WD) 0.12
- 010
ETITEEE - oo

3.3.2 Second Experiments — High-speed Feed

To fully assess the impact of image acquisition parameters in this application, this second set
of experiments included the use of a high-speed feed. Inside these experiments, two tests
were carried out using two different sets of machining parameters. Their results and analysis

can be found in the chapter 5.

In this new configuration, a Phantom v210 high-speed camera was used to record grayscale
video feed, using a Nikon AF 24-85mm f2.8-4 D IF lens. The camera manufacturer’s software
(PCC 2.5.744.0) was used to download the video feed and to extract images from each video
frame. The milling process was carried out using a 3 axis XYZ 1060HS VMC milling machine
with a Siemens Sinumerik 840D controller. Again, Sandvik ceramic SiAION inserted tools
RNGN120700E grade 6060 were used, with a 50mm S-R120R-038C5-12x03 inserts tools
holder and a C5-390.55-40 030 attachment to fit into the CNC machine. The workpiece
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material in this new test was an Inconel 718 round block of 254 mm in diameter, where a
197 mm x 197 mm square was machined for tests consistency, as shown in Figure 3.13. The
CNC programme used to machine this square can be found in Appendix I. Furthermore, this
material was provided by the Mexican Forging Company FRISA and its general composition

can be found in Table 3.4.

19.7 cm

19.7 cm

@

Figure 3.13: Inconel 718 workpiece.

Table 3.4: Inconel 718 general composition.

ELEMENT MIN%  MAX %
: 0.08
- 0.35
| Silicon S 0.35
- 0.015
 Sulphur IR 0.015
17.00 21.00
LGl 5000 55.00
I 20 3.30
| Niobium WL 5.50
0.65 1.15
T o020 0.80

- 1.00
- 0.05
- 0.006
: 0.30
- 0.0005
[ Bismuth [ 0.00003
| Selenium S 0.0003
m balance

3.3.2.1 Image Acquisition

The high-speed camera was used to obtain video feed from the cutting process, enabling
later extraction of frames as individual images for future processing. The camera and video
software settings used during the experimental sessions are shown in Table 3.5. These

settings were primarily selected due to the functionality of the high-speed camera, as only
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specific configurations enabled the recording time required for each run. Inside these
configurations, the resolution was selected after different trials, as it presented a good and
clear image size that enabled a shorter processing time. The sample rate was selected as the
fastest sample rate possible when selecting the image size and exposure time (this relation
is constrained by the software). This last parameter and the aperture were selected after
trials with different configurations. The combination selected of 3300 ps and aperture of 5.6

provided an adequate general illumination in the images for processing.

Table 3.5: Camera and video software settings.

SOFTWARE

PARAMETER
Resolution (Pixels)
Sample Rate (Frames per second)

Exposure time (us)
CAMERA
PARAMETER
Aperture

3.3.2.2 Machining and Parameters
For the two experimental sessions that were carried out, it was decided to use only one

ceramic insert per session, Figure 3.14.

S-R120R-038C5-12X03 C5-390.55-40 030

Ceramic Insert

Figure 3.14: Single Insert tool configuration.
By using only one insert, the wear data can be isolated, facilitating data acquisition from
spark evolution. The chosen cutting speeds (Vc), feeds per tooth (fz), cutting depth (ap) and

radial immersion (ae) were recommended by the machining section of the Sandvik’s
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Ceramics Application Guide (Sandvik Coromant 2010). Afterwards, their corresponding feed
speed (Vf) and spindle speed (n) were calculated. The parameters for both experimental

sessions are shown in Table 3.6.

Table 3.6: Milling machining cutting parameters for Test 1 & 2.

PARAMETER TEST 1 TEST 2
Feed per minute Vf (mm/min) 620 636.62
Spindle speed n (rev) 6200 6366.2
Cutting Speed Vc (m/min) 973.89 1000
Feed per tooth fz (mm) 0.1 0.1
Cutting Depth ap (mm) 1.5 1.5
Number of inserts zc 1 1
Radial DOC (%) 77.04 77.04
Tool Diameter D (mm) 50 50
Radial Immersion ae (mm) 38.52 38.52
Number of Runs 8 5

The Inconel workpiece was up-milled horizontally, performing 5 runs per level of material,
as shown in Figure 3.15. The solid black circle represents the cutting tool, machining
horizontally from left to right, through the dash-lined arrow, on each run. The other four

dash-lined circles represent the next positions of the tool for the rest of the runs.

19.7 cm
A Workpiece
I
| 19.7cm
I
|
/
Step-over | Feed
Direction

* __ Camera Location

Figure 3.15: Runs sequence and orientation.

Furthermore, between runs in Test 1, the ceramic insert was extracted from the tool to be
weighed and photographed. In Test 2 the insert was also photographed, but in-situ, whilst

still mounted into the tool, and in this test, no mass measurements were extracted.
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3.3.3 Third Experiments — Final Set

The analysis of the optimal image acquisition system and parameters can be found in the
chapter 5, where still pictures from the first test and the high-speed video feed from the
second test were compared. Conclusions drawn are the main justification for the selection
of devices and parameters implemented in this final set of tests. In summary, the first
experiments showed better results while using slow image acquisition settings. Later the
second experiments proved that indeed, fast settings delivered noisy and unsteady results.
This analysis also proved that the use of a common video feed device would deliver more
data than a still picture device; and that in conjunction with an image combination algorithm,

it would be possible to control and emulate slow imaging settings.

Therefore, this final set of experiments included again the use of a Canon EOS 1200D Digital
SLR Camera with an EF-S 18-55 mm f/3.5-5.6 Il Lens. The general test configuration was
again the same as described at the beginning of this chapter, having the camera outside the
CNC milling machine. Furthermore, and such as in the previous experiments, a video feed
was acquired instead of still pictures. Similarly, the CNC milling machine, cutting inserts and
tool holder were the same ones used in the second set of experiments, as well as the
workpiece material and dimensions. However, in the final set of experiments, a Design of
Experiments (DOE) was implemented meaning that the machining parameters were varied

from test to test.

3.3.3.1 Design of Experiments for Machining Parameters

Designs of experiments (DOE), as its name dictates, is a method used to plan a set of
experiments, selecting the appropriate data for further analysis, generally giving valid and
objective conclusions (Mandal et al. 2011). DOE is mostly used to find relationships between
input variables or parameters and output performance in an experiment (Antony 2003). Even
though some correlations between tool wear and machining parameters will be discussed
later in this thesis, the main objective of using a DOE was to plan these new tests in a way

that different combinations could be tested.

Some widely-used methods of DOE are factorial designs and the Taguchi method. Full and
fractional factorial designs are the most commonly used experimental designs in
manufacturing. However full factorial designs tend to require a large quantity of tests, as all
the possible combinations of input variables or factors, and their respective values or levels
are tested. Fractional factorial and Taguchi methods, on the other hand, can greatly reduce

the number of tests, whilst delivering enough data. However, in the present research, it was
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decided to use Taguchi methods of orthogonal arrays, given that fractional factorial designs

can leave interactions between variables undetermined.

Taguchi methods have been widely used in machining research (Mandal et al. 2011; Ghani
et al. 2004), as it allows researchers to accurately find correlations between cutting
parameters and different outputs, such as surface finish, chip removal rate, wear, etc. These
are especially important to optimise procedures and find the best combinations of
parameters for specific tasks. Taguchi methods are based on orthogonal arrays that have a
specific structure that provides justification for the selection of variables for each test. In
these arrays, the possible pairs of factors are all explored the same number of times, as
shown in Table 3.7. This table shows the orthogonal array denoted as Lo, with four factors
(A, B, Cand D) and three levels (1,2 and 3), organised into only nine tests, instead of the 81
tests required by a full factorial. Therefore, this method reduces the number of tests, but
successfully explores every possible relation between these pairs of factors and levels

(Kacker et al. 1991).

Table 3.7: Orthogonal array for L9 DOE using Taguchi.

W W WNNNR R R
WNEFRP WNRP WN R
N FP WE WNWN R
P WNNRFRPWWNRE

For the present research, it was deemed relevant to obtain a good coverage of data for the
approach presented in chapter 7, which is an important advantage of using DOEs.
Furthermore, given that the relation between machining parameters and tool wear may not
be linear, three levels were chosen assuming a possible quadratic relationship. This would

also impact in chapter 7, allowing a curved hyperplane of the design neural networks.

The four factors and three levels each are shown in Table 3.8. These factors and levels were
in accordance to the window of parameters that Sandvik Coromant recommend in their
manual of Ceramic tools, in the section concerned with ceramic milling (Sandvik Coromant

2010).
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Table 3.8: Factors and levels selected for DOE.

FACTORS LEVEL1(LOW)  LEVEL2 (MEDIUM)  LEVEL 3 (HIGH)

700 m/min 850 m/min 1000 m/min
m_ 0.07 mm 0.09 mm 0.11 mm
1 mm 1.5 mm 2mm
50% 70% 90%

Given that the selected parameters include the exact same number of factors and levels as
in Table 3.7, the Lo structure could have been used. However, given that the objective of the
present experiments was to obtain training and verification data for a neural network (see
chapter 7), it was decided to double the number of tests into an Lis array of 18 tests,
generated from two Ls arrays. Therefore, these parameters were introduced into the

statistical software SPSS Statistics to generate the orthogonal array shown in Table 3.9.

Table 3.9: Orthogonal array L18, generated using SPSS Statistics.

TEST CUTTING SPEEDVc  FEEDfz  CUTTING DEPTHap RADIAL IMMERSION

NUMBER (m/min) (mm) (mm) (%)
(1] 1000 0.09 15 70
(2 ] 700 0.09 1 70
E 700 0.09 2 90
(a4 ] 850 0.11 2 70
B 1000 0.07 2 90
(6 ] 850 0.09 1 50
1000 0.11 1 90
(8 ] 700 0.07 1 50
E 700 0.07 15 90
(10 | 700 0.11 15 50
1000 0.07 1 70
850 0.07 15 70
1000 0.09 2 50
1000 0.11 15 50
700 0.11 2 70
850 0.09 15 90
850 0.11 1 90
850 0.07 2 50

This array, for neural network implementation, could be divided into two Lg arrays A and B,

as shown Table 3.10 and Table 3.11; each table for training and verification respectively.
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Table 3.10: L9 array A, extracted from the generated L18 array.

TEST CUTTING SPEED FEED fz CUTTING DEPTH  RADIAL IMMERSION

NUMBER Vc (m/min) (mm) ap (mm) (%)

(8 | 700 0.07 1 50
(2 | 700 0.09 1 70
(10 | 700 0.11 15 50
ENE 850 0.07 15 70
850 0.09 15 90
(4 | 850 0.11 2 70
B 1000 0.07 2 90
1000 0.09 2 50
1000 0.11 1 90

Table 3.11: L9 array B, extracted from the generated L18 array.

TEST CUTTING SPEED FEED fz CUTTING DEPTH RADIAL IMMERSION
NUMBER Vc (m/min) (mm) ap (mm) (%)

e 700 0.07 1.5 90
B 700 0.09 2 90
(15 | 700 0.11 2 70
(18 | 850 0.07 2 50
(6 | 850 0.09 1 50
850 0.11 1 90
1000 0.07 1 70
(1| 1000 0.09 15 70
(14 | 1000 0.11 15 50

The robustness of the data acquired through these experiments could have been affected
and potentially improved by test repeats instead of wide ranges of parameters. However,
the purpose of the research was mainly related to the objective of the final chapter and its
machine learning algorithms. Therefore, it was deemed more relevant to widen the range of
variable levels to improve data coverage for the interpolating approach of those algorithms,
rather than testing the process variability and robustness through repeats. Ideally, both of
these would have been beneficial, yet the time and budget constraints of the research

limited this to one of the two options.

Along with the output of spark evolution data, tool wear values were also taken as outputs
for wear analysis in the chapter 7. These last outputs were obtained as described in the
beginning of this chapter, through a scale and a digital microscope, acquiring data of mass,

crater wear and flank wear.
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3.3.3.2 Image Acquisition
A video feed was recorded using a common SLR camera and the respective camera settings

used can be seen in the Table 3.12.

Table 3.12: Camera settings.

1280x 720
50
5.6
400

The selected resolution and sample rate were the highest values that the camera could
provide, whilst the aperture and I1SO were chosen to partially obscure the image, as shown
in Figure 3.16. This obscuring effect was found to improve the consistency of the recorded
data, reducing the effects of random illumination, such as natural light and workshop

lighting. It mainly aided in removing background noise, whilst maintaining spark information.

Figure 3.16: Partially obscured image using low ISO and wide aperture.

3.3.3.3 Machining and Parameters

The machining operation, as mentioned at the beginning of this section, had the same
characteristics as in the second experiments (section 3.3.2.2). The workpiece was again an
Inconel 718 round block and a square was machined for the tests, as shown previously in
Figure 3.13 and Figure 3.15. Furthermore, the machining parameters used are described in
section 3.3.3.1, and the Table 3.13 shows the calculated machining input. The real radial
immersion had to be calculated for each combination of cutting depth and radial immersion

percentage, as shown in the last column.
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Table 3.13: Milling machining cutting parameters calculated from DOE.

573 6366 32.2
401 4456 31.15
401 4456 42.3
595 5411 32.9
446 6366 42.3
487 5411 22.25
700 6366 40.05
312 4456 22.25
312 4456 41.4
490 4456 23

446 6366 31.15
379 5411 32.2
573 6366 23.5
700 6366 23

490 4456 32.9
487 5411 41.4
595 5411 40.05
379 5411 23.5

Every test included a total of 11 runs, up-milling the squared workpiece, and therefore

delivering 11 videos and tool wear values for each test.

3.4 Summary

The general system configuration described at the beginning of this chapter was shared by
the subsequent experiments, as well as the data processing analysis. However, as it was
described by each experiment, the chosen devices, parameters and configurations where
different depending on the specific objectives of that each experiment. Additionally, all the
experiments were planned according to the different results and conclusions found in each
experiment, constantly attempting to solve and improve the testing and processing

conditions.

It could be seen how in the first experiments, a very simplistic system was used, with only
still pictures as image acquisition feed, which presented limitations that had to be fixed, and
this will be described in the chapter 5. Furthermore, these conclusions led to the introduction
of a high-speed feed in the second experiments. Similarly, the conclusions drawn by these
second experiments aided in the selection of the image acquisition device and the video feed

chosen in the third experiments.

The purpose of including all the experiments here was to avoid repetition in subsequent

chapters, as the data acquired from each test was used in each chapter to address different
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objectives. Therefore, during the rest of this written thesis, these experiments will be
constantly referenced, and their relevant aspects will be revisited to analyse results and

conclusions.
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4 WEAR OF SIALON CERAMIC CUTTING TOOLS

The purpose of this research is to lay the foundations of a successful wear prediction system
using image processing. In the literature review chapter, information regarding the wear
mechanisms found in cutting tools was described. In the methodology chapter, on the other
hand, the basis of the image processing techniques used to analyse and obtain data from
cutting sparks was described. The current chapter has the twin aims of better understanding
the tool wear mechanisms of SiAION ceramic cutting tools and obtaining data that could be
used in the later stages of the research. For this reason, the next sections will lay out the
different wear assessment techniques used in this research to obtain wear data, as well as a
comparison of other literature’s findings with the current research’s findings on tool wear

assessment.

4.1 Wear Assessment Techniques

In the literature review some vision-based systems of direct TCM were reviewed, where most
of them consisted of using images of cutting tools to obtain geometric measurements. This
technique can be a useful in-situ procedure, with special effectiveness in measuring flank

wear and crater wear.

To successfully compare the spark evolution of the machining processes with actual tool
wear, it was necessary to obtain real tool wear values. As described in the methodology
chapter, experiments included several runs of machining in each test, stopping the process
between runs. This was done to obtain weight measurements and microscope images of the
cutting tools. In this way, image processing could also be used to obtain wear data from the

microscope images.

Therefore, this chapter includes the algorithms and procedures used to extract crater wear
area and flank wear measurements from the microscope images. Furthermore, as an
attempt to use image processing to find the volumetric loss of tool material, a stereo vision
approach was investigated. The different results obtained with these techniques will be

discussed, as the optimum techniques would be used for each experiment.

4.1.1 Flank wear and Crater Wear Area

The image processing algorithms previously created for the spark evolution had to perform
spark analysis in a more “automated” fashion, given the number of frames or images for each
test. Also, it was in the interest of the general research to build automated algorithms for a

possible future integration in a stand-alone system. However, in the case of the cutting tools,
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a more supervised approach could be used, as the number of images per test was not very

large.

For the extraction of flank wear measurements, a software named Tracker was used. This
software enables the use of a calibration line tool to input a known geometric value, shown
in blue in Figure 4.1. This calibration step uses these measured inputs to assign values to the
image’s pixels. For this reason, another software tool can be used to measure a distance
accurately, shown in red. In this way, maximum VBnax and notch wear values could be
extracted from the microscope images. Unfortunately, given that the insert lost material with
the machining process, manual compensation had to be used to account for the uneven and

worn tool edge.

Figure 4.1: Flank and notch wear measuring using Tracker.
Whilst this seemed in the beginning as a simple and rapid task, it is relevant to mention that
conducting manual measurement of each image ended up consuming much more time than
expected. Therefore, it can be said that for future work a more careful recollection of images
could have enabled the use of an image processing approach, like the one used next for
crater wear area. Also, the measuring of each insert was deemed important for the

implementation of the Neural Network, described further ahead in the chapter 7.

On the other hand, to extract crater wear area, an approach similar to the spark area
extraction was taken, where an image processing algorithm was built to isolate, enhance and
guantify the worn area. In Figure 4.2 (a), an image taken with a digital microscope of a SIAION
ceramic insert’s rake face can be found. The wear area is easily distinguishable due to the
change in colour and texture, compared to the rest of the insert and the background. Figure

4.2 (b) shows how the image was manually cropped to only process the area of interest. The

56



4.1 Wear Assessment Techniques

next step consisted in extracting a section of the worn area to calculate means of the
maximum values of each column. These values were later input into an image enhancement
step shown in Figure 4.2 (c); the same enhancement step used in the spark processing
algorithms, with the objective of isolating the worn area. After this, as shown in Figure 4.2
(d), different binarization thresholds were tested, selecting manually the best value that
contained the least noise, as shown in Figure 4.2 (e). Finally, this binarized image is later

filled, so that no empty spaces are found inside the worn area, as shown in Figure 4.2 (f).

(f)

Figure 4.2: Crater wear area extraction: original image (a), cropped image (b), enhanced
image (c), binary threshold selection (d), logical image (e), and final image (f).

Finally, after the worn area was successfully isolated, connected components discrimination
and area computation was carried out (see section 3.2.1). The area extracted was in number
of pixels, so an extra step was taken, where the algorithm is calibrated to know what is the
size of each pixel in mm. This was done by counting the number of pixels that encompass the
diameter of the cutting tool, knowing that the tool’s diameter is 12.54 mm. Once this was
calculated, the resulting value was squared to find the value of a pixel’s area; this last value
was then multiplied by the worn area in pixels to find out the actual worn area value in mm

(algorithms can be found in Appendix Il).
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4.1.2 Stereo Vision

To assess wear as volume loss in the rake face of the ceramic insert, where most of the flaking
and chipping occurred, it was decided to test a stereo vision, image processing approach.
Stereo vision consists of processing two or more images of the same scene, matching specific
pixels in these images. By doing this, the disparities of the analysed pixel positions can be
used to calculate depth distances, and hence build a 3D representation of the scene (Szeliski

2010).

Figure 4.3 illustrates a stereo vision system of two cameras with the same focal length f,
where Equation 4.1, Equation 4.2 and Equation 4.3 show how the value of disparity d can be

calculated in such a system.

Lalt Camara Hight Camara

Image

P {%g ¥g Zn!

Figure 4.3: Stereo vision system using two cameras and equal focal length.
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Equation 4.3
Where U; and Uy are the coordinates of the Real-world point P projected on the left and
right camera sensors respectively; b is the distance between the cameras and Zy is the Real-

world distance to point P.
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For the present research, the stereo vision system consisted of using an SLR camera (the
same as the one used in the last set of experiments) with a LOREO 3D Macro lens for stereo
vision mounted, shown in Figure 4.4. The acquired images would be processed using
MATLAB’s Stereo Calibration App for 3D reconstruction, with the objective of volume

extraction.

Figure 4.4: LOREO 3D Macro lens for stereo vision, mounted in Canon SLR camera.
The MATLAB’s Stereo Calibration App calculates the intrinsic and extrinsic parameters of a
stereo configuration of cameras for 3D reconstruction. To perform this, it was necessary to
acquire and upload various images of a checkerboard in different orientations and locations.
It was important to make sure that the square pattern was always visible, but that different
cases of rotation and distortion could be included. Once applied, the calibration app detects
points in the black and white square pattern, as shown in Figure 4.5. Through these points
and by inputting the size of a checkerboard square in millimetres, the application calculated
the disparities by computing their different locations about the rotations and distortions that
were recorded. This system also provides both a graphic of reprojection errors, as shown in
Figure 4.6, and a 3D visualization of the extrinsic parameters, as shown in Figure 4.7. The
latter includes the orientation of the cameras (each sub-lens of the Loreo lens) in red and
blue at the top right corner; as well the analysed checkerboards in different orientations and

locations shown as squares in several colours.
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Figure 4.5: Examples of checkerboard points detection in different orientations.
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Figure 4.6: Stereo reprojection errors.
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Figure 4.7: 3D visualization of stereo vision training system including analysed
checkerboards (right squares) and cameras (top right).

Once these steps were taken, the stereo parameters that the application calculated were
exported to the MATLAB workspace. A programme was then written to perform the 3D
representation of a ceramic insert (Appendix ). Through this programme, a series of visual
representations of the stereographic analysis of the insert were produced. Figure 4.8 (a)

shows the images before rectification, and Figure 4.8 (b) shows the images after rectification.

(a) (b)

Figure 4.8: Stereo images of insert: before rectification (a) and after rectification (b).
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This rectification consisted of aligning each point in the left image, to its corresponding point
in the right images, so that these were placed in the same row. This step is especially
important to compute the new values of disparity of the insert’s image. A visual
representation of the disparity or distance between corresponding points can be found in
Figure 4.9. In this figure, the pixels with stronger shades of red represent points with the
highest disparity values whilst shades of blue represent lower disparity values or distance
between pixels. It is expected that in a stereo configuration, objects closer to a lens should
have higher disparity values, due to the perspective from each camera. Objects in the

background, being comparatively “farther” have lower disparity values.

Disparity Map

700

{600

- 500

Figure 4.9: Disparity map of distances between pixels in insert’s images.
The result of this stereographic analysis can be appreciated in Figure 4.10, where the 3D
world coordinates of points corresponding to each pixel from the disparity map are used to

reconstruct the scene.

It was found that the general geometric layout of the scene was successfully obtained by
this approach. However, as it can be appreciated in the 3D scene, there is a high quantity of
noise, yielding undefined shapes and lacking a good level of accuracy in volumetric
measurements. Furthermore, the overall mean reprojection error value was of 0.95 (Figure
4.6), and although this was the lowest value obtained after several tests and configurations,

it was still too high.
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A “good” stereographic calibration would provide an overall mean reprojection error
between 0.08 and 0.15 pixels. However, these values would be found in a scene where two
cameras are used, and distances to objects could be between 1.5 and 4 meters. Therefore,
it can be argued that in the present case, the configuration used could have contributed to
this high error value, given that a macro lens was used, where the general focal distance was

quite small, between 30 and 40 mm.
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Figure 4.10: Views of 3D reconstruction of the insert from stereo vision analysis.
It was consequently concluded that this stereographic approach may not be an appropriate
method to calculate the tool’s volumetric material loss, since the reconstructed scene was
filled with noise, and for this application, high accuracy was necessary. 3D scanners in the
market generally back up the stereo vision with some system of image correlation, where a
map of points, lines or shapes are cast, so the calibration can be more accurate. Therefore,
for future work, it could be recommended to explore the possible implementation of an
image correlation system, along with stereo vision. However, in the author’s opinion, and
with the results obtained, stereography alone does not seem to be accurate enough to

become a successful tool wear assessment technique.
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4.2 Tool Wear Assessment, Results and Discussion

Inthe literature review chapter, different properties and aspects of SiAION cutting tools were
explored, and a general overview of nickel-based super alloys was included. Furthermore, in
section 2.1.3, a summary of the contributions of three authors who explored the same
cutting tools and material used in this research was included. However, the present section
will provide an extended summary of these references, comparing them with the wear

mechanisms and parameters found during the current research experiments.

4.2.1 Literature Summary

In their work Xianhua Tian et al. (2013b) tested up and down milling with different high
cutting speeds, and compared these with the wear present in SiAION cutting tools, while also
analysing cutting forces. They used a range of cutting speeds that varied from 600 m/min to
3000 m/min. It is important to mention that whilst this analysis of very high-speeds delivered
diverse and interesting results, the manufacturer of the cutting tools (Sandvik Coromant)
recommend the use of speeds between 700 and 1000 m/min. Tian et al. found the presence

of the next secondary tool wear mechanisms:

e Crater wear (rake face wear) — Flaking and chipping of tool material occurred in the
rake face, with a tendency to decrease with the increase of cutting speed (see Figure

4.11).

Rake face wear patterns in down milling operations

Figure 4.11: Rake face wear patterns under different cutting speeds (Xianhua Tian et al.
2013b).

e Flank wear — Dominant under higher speeds and in down-milling, edge chipping

occurs due to the large compressive and shear stresses (see Figure 4.12).
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Flank face wear patterns in down milling operations

Figure 4.12: Flank face wear patterns under different cutting speeds (Xianhua Tian et al.
2013b).

e Notch wear — This was found to be very serious and dominant for tool failure at
speeds up to 1400 m/min. Further increase of cutting speed presented a decrease of
notch wear due to thermal softening.

e Microcracks — These were found on the flank face of the cutting tool, with an

increase of cutting speed, and hence increase in temperature, these microcracks also

increased in number (see Figure 4.13).

Micro-cracks

- A

Mic Ks tan

Figure 4.13: SEM images of the flank face at Vc = 1800 m/min (Xianhua Tian et al. 2013b).
They found a serious presence of adhesion when speeds ranged from 1800 and 3000 m/min,
mainly due to the increase of temperature. Finally, they also discourage the use of cutting
speeds under 1000 m/min when face milling, as notch wear becomes very serious and

leading to tool failure.
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Zheng et al. (2016) on the other hand, tested these materials and cutting tools using lower
cutting speeds from 200 m/min to 1000 m/min. They also found similar secondary wear
mechanisms and mechanisms, but the conclusions differed from the use of different cutting
speeds. For instance, in the case of the crater wear, they also found flaking at speeds of 500
and 700 m/min, while adding the presence of adhesion after 900 m/min. For their flank wear
analysis, they found this was more severe at lower speeds around 200 m/min, with some
decrease with the increase of cutting speeds. As well, they found wear mechanisms of
adhesion, abrasion and flaking in the flank edge of the cutting tool at 700 m/min. They also
found evidence of notch wear, microcracking and chipping of the edge of the tool, with

important crack propagation.

Finally, Renz et al. (2015) studied the tribochemical wear of SiAIONs at different sliding
speeds on Inconel 718. They did not use Sandvik SiAION cutting tools as with the other
authors but rather they used a SiAION block sample for sliding tests instead. However, they
are the only authors that have analysed this pair of materials in a tribochemical approach.
These authors divided the tool wear in “mechanically activated,” referring to the wear
mechanisms explored by the previous authors, and “tribochemical wear.” They found
through Scanning Electron Microscopes (SEM) and Energy Dispersive X-Ray (EDX) analysis,
the presence of multiple “tribolayers” with mainly chromium and silicon oxides that, with
the increase of sliding velocity and hence frictional power, could be divided into three

phases:

1. Phase 1: at a low velocity of around 300 m/min and low frictional power, a brittle
behaviour was found in tribolayer, increasing the COF and resulting in high wear.

2. Phase 2: higher speeds and an increase in frictional power created a stable and
protective lubricious tribochemical layer, promoting optimal sliding conditions.

3. Phase 3: further increase in velocity and frictional power resulted in a dramatic
increase in temperatures, where the tribolayer became mechanically unstable and

started to breakdown and dilapidate. This, in turn, caused very high wear.

While this last author did not explore the mechanically activated tool wear, the speeds and
temperatures they reported are in accordance with the other two authors. Furthermore,
those two authors also used EDX analysis that matches the high concentrations of chromium,
Silicon and Oxide, however, they used this information to support the presence of adhesion

wear.
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4.2.2 Tool Wear Assessment

Having performed an important number of experiments in this research, including different
parameter and implementing different wear measurements (explained in section 4.1), it
became relevant to make this research’s own wear assessment. Even though wear
measurements were carried out in all the three experiment sessions described in the
methodology, the session that included a wide variety of parameters and results was the
third experiment. For this reason, in this section, only the results obtained in the last set of
experiments will be included and discussed. It is important to mention that the conclusions
found, successfully matched the results and conclusions already found in the previous

experiments.

Three main primary and secondary wear mechanisms were found in all the tests carried out.
In some cases, certain primary or secondary wear mechanisms would be more intense than
others, but in general, they all appeared at some point of the machining operation. The three

main secondary tool wear mechanisms found were:

e Flank wear: this wear mechanism was found to be caused by the intense abrasive
wear that occurred at the insert’s flank face. This mechanism was present from the
beginning of the machining process, originated by scar marks that were longitudinal
and perpendicular to the insert’s rake face. These scars increased gradually,
intensified in some cases by chipping due to thermal wear and adhesion, as shown
in Figure 4.14.

Figure 4.15 displays a progression of five images (from within the eleven runs that
each test included), showing how flank wear has a continuous and progressive
behaviour.

e Notch wear: this wear mechanism tended to have a slow start, showing a small effect
in the first runs. However, this mechanism dramatically increased well into the
machining process, creating large scars and promoting chipping from thermal wear,
as can be seen in Figure 4.14. In a few tests, notch wear was higher than flank wear,
nevertheless, most of the tests showed larger flank wear than notch wear.

Figure 4.15 also shows the progression of notch wear.
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Figure 4.14: Primary and secondary wear mechanisms found in SiAION inserts.
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Figure 4.15: Sequence of insert’s flank face microscope images in Test 6.

e Crater wear: this mechanism appeared from the beginning of the cutting process,

gradually increasing in severity. It was found to be caused by the constant flaking

and chipping of the inserts rake face, due to adhesion and thermal wear. However,

this mechanism did not show a continuous or progressive behaviour, instead, crater

wear seemed to increase by sudden leaps of severity. Figure 4.16 shows this

behaviour through a progression of five images or stages of wear during a machining

test. This wear mechanism was found to be a leading factor for tool failure, as this

loss of material weakened the ceramic tool and increased the possibility of tool

breakage.
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Crater Wear Crater Wear Crater Wear

Crater Wear Crater Wear

Figure 4.16: Sequence of insert’s rake face microscope images in Test 3.
Regarding primary wear mechanisms, three main ones were found. Even though these were
already mentioned inside the secondary mechanism descriptions, they were deemed

relevant to analyse and explain individually; and these mechanisms were:

e Abrasion: this mechanism was evident and mainly present in flank wear, where the
continuous sliding of the insert’s flank face on the workpiece would promote high
levels of friction. Due to the high temperatures and forces, the material is removed
from the workpiece, as expected by cutting mechanics, however, particles from the
cutting chips and breakage of the workpiece surface roughness would create long
scarring of the cutting tool flank face.

e Adhesion: this mechanism can be found from early stages of the cutting process,
identifiable by the incrustations of workpiece material found in the worn area after
every run, as shown in Figure 4.14. Evidence of this can also be found in Figure 4.17,
where the cutting insert’s mass loss in Test 1 was obtained for each test run. From
the 1% to the 2" run, from the 3™ to the 4™, and even from the 7" to the 8" run mass
loss decreased as the insert gained mass instead of losing it, and this is due to the

adhesion of workpiece material.

69



CHAPTER 4: WEAR OF SIALON CERAMIC CUTTING TOOLS
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Figure 4.17: Mass loss in Test 1.

e Thermal wear: this last mechanism was expected in a process like this due to the
high temperatures it involved, and it was present in all wear mechanisms. Inside the
literature review in this subject, two authors talked about the development of
microcracks as a cause of high cutting temperatures. Inside this research, it was not
possible to carry out an analysis of these microcracks through SEM. However, it was
mentioned by these authors, and confirmed by the different findings of this
research, that these microcracks are present throughout the cutting process,

developing flaking and chipping; both leading causes of tool dilapidation and failure

These primary and secondary wear mechanisms were found throughout all the different
tests, however, they had different levels of severity. Therefore, the next section will explore
the individual results obtained, to understand and discuss the relationship between wear

and the machining parameters tested.

4.2.3 Results and Discussion

The individual results for each test of the third set of experiments can be found in the
Appendix IV, however, Figure 4.18 shows the maximum values of flank wear, notch wear and
crater wear. As may be appreciated, the values of these three wear mechanisms varied with
each test. Figure 4.19 shows again the maximum values of flank wear and notch wear, along
with the mass loss. In both figures, specific tests with high values of wear can be easily
identifiable. However, there are different dimensions between wear descriptors and in both

figures, the bar-type chart values (VBmax and VBN) are in accordance with the left vertical
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axis, whilst the area-type chart values (crater area and mass loss) are in accordance with the

right vertical axis.
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Figure 4.18: Maximum values of: Flank wear (VBmax), notch wear (VBN) (left vertical
axis), and crater wear area (right vertical axis).
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Figure 4.19: Maximum values of: Flank wear (VBmax), notch wear (VBN) (left vertical
axis), and mass loss (right vertical axis).

As it was mentioned in chapter 3, the machining parameters of each test varied in
accordance with a design of experiments. It is therefore deemed relevant to re-insert Table

3.9, to re-display the machining parameters for each test. This is shown in Table 4.1.

Table 4.1: Orthogonal array L18, generated using SPSS Statistics.
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TEST CUTTING SPEED Vc FEED fz CUTTING DEPTH RADIAL
NUMBER (m/min) (mm) ap (mm) IMMERSION (%)
1000 0.09 1.5 70
700 0.09 1 70
700 0.09 2 90
850 0.11 2 70
1000 0.07 2 90
850 0.09 1 50
1000 0.11 1 90
700 0.07 1 50
700 0.07 1.5 90
700 0.11 1.5 50
1000 0.07 1 70
850 0.07 1.5 70
1000 0.09 2 50
1000 0.11 1.5 50
700 0.11 2 70
850 0.09 1.5 90
850 0.11 1 90
850 0.07 2 50

In order to compare the different states of wear regardless of their dimensional variation, a
scaling procedure was applied. The scaling was set between a range of 0 to 10 for each wear
mechanism, where the maximum value was assigned the value of 10. This new dimension
was named wear severity and Figure 4.20, Figure 4.21, Figure 4.22 and Figure 4.23 show all

wear descriptors; grouped in the different machining parameters of cutting speed, feed,

3 14

cutting depth and radial immersion.
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Figure 4.20: Wear severity of crater wear area, flank wear (VBmax), notch wear (VBN)
and mass loss grouped in cutting speeds (Vc).
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Figure 4.21: Wear severity of crater wear area, flank wear (VBmax), notch wear (VBN)
and mass loss grouped in feeds (fz).
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Figure 4.22: Wear severity of crater wear area, flank wear (VBmax), notch wear (VBN)
and mass loss grouped in cutting depths (ap).
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Figure 4.23: Wear severity of crater wear area, flank wear (VBmax), notch wear (VBN)
and mass loss grouped in radial immersions.
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As it can be appreciated in these figures, it is still difficult to identify relations or a
dependency in a specific parameter. For this reason, a sum of wear severity values into a
total severity value was carried out for each test and the results are shown in Figure 4.24,

Figure 4.25, Figure 4.26 and Figure 4.27.

2 3 8 9 10 15 4 6 1 5 7

12 16 17 18

40
35

Total Severity
= = NN W
o U1 O U1 ©O U1 O

11 13 14

700 850 1000

Test No. (Top)
Cutting Speeds (Bottom)

Figure 4.24: Total severity, grouped in cutting speeds (Vc).
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Figure 4.25: Total severity, grouped in feeds (fz).
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Figure 4.26: Total severity, grouped in cutting depths (ap).
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Figure 4.27: Total severity, grouped in radial immersions.
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As it can be appreciated in Figure 4.25, the variation of feed did not seem to have a clear
relation with the total severity of wear in the inserts, as the high and low values seemed to
be scattered. In Figure 4.24 however, cutting speed variation seemed to suggest that the
lowest values of total severity were found in the region between 850 m/min and 1000
m/min, nevertheless, this relation was not entirely clear. It was in the cutting depth and
radial immersion, Figure 4.26 and Figure 4.27 respectively, that an increase in total severity
was apparently found in the highest values of each parameter. Cutting depths of 2mm and
radial immersions of 90% seemed to achieve very severe values of wear. Figure 4.28 shows
this in a clearer manner by grouping the values of total severity, both by radial immersion
and cutting depth. Again, this figure appears to indicate that more severe wear is likely to

occur at higher values of radial immersion and cutting depth.
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Figure 4.28: Total severity, grouped in radial immersions and cutting depths.
Nevertheless, and as shown throughout the figures, the results simply did not show clear
trends or relationships. This could be related to the scatter that may be inside the actual
trends. It could be argued that, with the methodology and experimental setup chosen for
this assessment, it would be possible to mistakenly generalise the behaviours of these single
tests’ trends. Therefore, perhaps more tests or repeats could have aided in obtaining an
acceptable level of statistical significance in the correlations mentioned before. However, it
may also be the case that the standard deviation may be too high, showing that even with
test repeats, these are not entirely representative. Regardless, as mentioned in section
3.3.3.1, the time and cost constraints of the project limited the amount of tests, but this

could be a relevant future work.
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Furthermore, Table 4.2 shows again the severity of each wear mechanism and total severity
values on the far right. This table represents a qualitative approach to show the combined
effect of all wear mechanisms, as the summation approach was arbitrary. Arguably, some
weighting of these mechanisms or regression analysis could have been used to give a more
guantitative reference of total wear severity. However, an in depth characterisation of the
impact of tool wear mechanisms in tool failure, which would be required for the weighting
or regression analysis approaches, was not deemed necessary for the research objectives
and the research scope. Therefore, Table 4.2 simply attempts to show an overview of the
wear mechanisms and their magnitude, as well as illustrate a simple comparative wear

reference of each test.

A colour coding was applied to the total severity values to highlight the tests were the highest
values were found. Tests 3, 4, 9 and 15 show the highest levels of severity, while tests 1, 2,
4,6, 8,13, and 18 show medium-high levels. The rest of the tests show mild to low levels of

severity.

Table 4.2: Wear mechanism severity values and total severity.

Severity
6.205 5.589 8.870 7.500 28.164
7.791 5.025 3.908 10.000 26.724
10.000 8.516 9.184 8.889 36.590
5.958 7.778 9.017 1.667 24.420
9.329 10.000 5.726 10.000 35.054
4.769 6.536 7.055 6.389 24.749
4.097 6.155 5.536 3.806 19.593
4.893 7.945 6.816 7.222 26.876
6.026 9.471 10.000 4.722 30.220
4.104 6.437 4.802 3.889 19.231
5.123 7.483 4.196 0.556 17.358
4.952 6.968 5.801 0.833 18.554
6.618 6.150 5.817 5.278 23.863
4.126 5.170 5.640 2.778 17.714
9.156 8.516 9.184 8.889 35.746
5.813 5.098 3.429 2.222 16.562
5.452 5.331 2.647 3.889 17.318
7.737 7.177 4.216 4.444 23.574
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Except for test 10, the lowest levels were found in cutting speeds between 850 and 1000
m/min, and all of them included cutting depths between 1 and 1.5 mm. However, these

lowest levels include the entire range of feeds and radial immersions.

When all these results are compared to literature, it is found that Tian et al. (2013b)
suggested a decrease in crater wear with the increase of cutting speed, whilst this current
research suggests that this wear mechanism is more dependent of cutting depth. Tian et al.
(2013b) also suggested that flank wear was more dominant at higher speeds. However, the
current findings are more in accordance with Zheng et al. (2016) suggesting that flank wear

seems to be slightly more dominant at the lowest speed of 700 m/min.

Even though a Tribochemical analysis, similar to the one carried out by Renz et al. (2015) was
not carried out, by analysing the different phases and the behaviour of the tribolayers that
they described in their article, it can be argued that the results of the experiment have some
correlation with their findings. They mentioned a series of phases that described the sliding
contact between SiAION ceramic and Inconel 718. These phases showed how there seemed
to be an area of sliding parameters where the low values of wear can be achieved. The results

obtained also seemed to suggest the existence of this area of low wear.

In general, it can be said that a “linear-like” behaviour, such as it is suggested by both authors
in their articles, was not evident with the variation of machining parameter. Instead, as
mentioned in the previous paragraph, the findings of this research seem to suggest that
there is a window of optimum parameters to assure low values or wear. This, in turn, can be
attributed to the brittleness of ceramic materials, which seemed to initially create
randomised values of wear. Yet, as it was described before, some relations were found
through the different tests carried out. Nevertheless, it can be argued that the number of
tests included in the design of experiments, along with the selected values of variables and
levels, may not be enough to carry out a calculation of this window of parameters.
Furthermore, since the scope of this research does not encompass the optimization or
characterisation of these cutting tools’ parameters, this window will not be suggested.

However, this could be an interesting topic for future work.

4.2.4 Summary

As not many studies on SiAION tool behaviour were found, this chapter attempted to enrich
this area by filling some gaps. Therefore, the two main objectives of this chapter were: (1) to
describe the different techniques explored in the present research to measure wear, and (2)

to perform a tool wear assessment to identify the main wear mechanisms involved.
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The approaches described for tool wear measurement included a basic geometric
measurement of wear through image processing, and an approach to tool wear volume
measurement through stereo vision. It was found that the first approach was successful in
generating wear data, with high efficiency in the crater wear area measurement, but some
inefficiency regarding man hours in the flank and notch wear measuring approach. On the
other hand, the stereo vision attempt to measure wear volume was unsuccessful, mainly due
to the low level of accuracy that this approach produced. Therefore, the techniques of
geometric measurement through image processing of flank and notch wear, as well as crater

wear area, will be used in the subsequent chapters.

Regarding tool wear assessment, this chapter found four main wear mechanisms worth
exploring; these were: crater wear area, flank wear, notch wear and mass loss. These findings
were quite relevant for the main objectives of this research, and therefore the analysis of
crater wear would be used to explore the research hypothesis in the next chapter.
Afterwards, in the chapter 7, some of these wear mechanisms will be used for the prediction

of tool wear.
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5 IMAGE ACQUISITION SYSTEMS AND PARAMETERS

Throughout the current research, improvements were made to methodological aspects of
the experiments and to the data processing algorithms. One of these improvements was the
selection of the image acquisition systems and parameters implemented in each experiment.
This is generally an important aspect of any analytic vision-based system, where the
procurement of successful and accurate data is essential, and this is almost entirely
dependent on the hardware used and their respective settings. It was, therefore, decided to
first compare the results obtained in the first set of experiments, which included the use an
SLR camera with different shutter speeds. After this, and due to some conclusions that were

drawn, the second set of experiments were conducted using a high-speed video camera.

In general, the main objective of the present chapter was to present the process of selecting
the optimal image acquisition system and parameters for a vision-based TCM system of
spark-wear relationship. Additionally, it is important to mention that all this chapter’s results
and conclusions were published, reviewed and presented as a conference article by the

author (Dominguez Caballero et al. 2016a).

5.1 Methodology

The first and second set of experiments were used to evaluate the best image acquisition
system and parameters in this chapter. Therefore, as a summary of the first set of
experiments described in the section 3.3.1, these consisted of four tests using fast, medium
and slow shutter speeds respectively. However, as it was mentioned then, only the first three
tests (test 1, 2 and 3) were used for the present study. Furthermore, images in all these tests
were acquired at a constant rate of 1 image every 5 seconds throughout the machining

operation.

In the second set of experiments described in the section 3.3.2, on the other hand, two tests
were carried out, one included 8 runs and the other 5 runs. This difference was mainly due
to the variation in machining parameters, the amount of workpiece material and the state
of wear of the insert at the end of the tests. Furthermore, only one insert was loaded into
the tool holder to isolate the wear values. Also, a different machine and workpiece material
to that used in the previous experiments were introduced. This change of materials and
machine was due to availability, however, these variations were not believed to affect the
present study, as only image acquisition systems and parameters were analysed.

Furthermore, given the conclusions that were drawn in the first set of experiments, a new
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CHAPTER 5: IMAGE ACQUISITION SYSTEMS AND PARAMETERS

image acquisition system was introduced. A Phantom v210 high-speed camera was used,

recording a video feed instead of still pictures, at a high frame rate of 300 fps.

5.2 Still Pictures Using SLR Camera and Parameters

In an SLR camera, the amount of light captured by the imaging sensor is controlled by the
shutter speed, the diaphragm (or aperture) and the I1SO value (Nakamura 2005). This makes
these three variables dependent upon each other, as varying the shutter speed would mean
varying the other two as well. Therefore, to test different shutter speeds, it was decided to
leave the ISO value as constant and simply adjust the aperture to enable the selected shutter
speed. For this reason, the three speeds tested, included previously in the description of

these experiments were of 1/640 (fast), 1/125 (medium) and 1/5 (slow) seconds.

Figure 5.1 shows the resulting images obtained using each one of the shutter speeds. It can
be seen that, for fast settings (a), the spark seemed quite sharp but segmented. This was
problematic at the processing stage of the spark features, as the randomness of the spark
delivered very scattered results. The medium settings (b) on the other hand, provided a more
solid spark, however, there was still some segmentation and randomness of the spark
outline. Slow settings (c), successfully managed to acquire a solid and well-defined spark,
with a clear outline and structure that would enhance the readability of the spark evolution

results.

(b)

Figure 5.1: Resulting images of first experiments’ tests using fast (a), medium (b) and
slow camera settings (c).

The next step was to extract the spark descriptors for each set of speeds, to compare the
readability and behaviour of each set of settings. Nevertheless, when implementing the
corresponding algorithms, the already mentioned randomness and segmentation of the
sparks when using fast and medium speeds yielded unreliable spark area results. For this
reason, Figure 5.2 only shows the spark intensity evolution for each test and speed. In this
figure, it can be seen how the fast settings (a) produced the expected scattered and spiky
results that would be unreliable, as some jumps of intensity could be caused by the spark

randomness, instead of its actual growth. The medium speed results (b) produced a
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5.2 Still Pictures Using SLR Camera and Parameters

smoother evolution, but still showing sudden jumps that have the appearance of noise, again
due to the spark segmentation and randomness. The slow settings (c) however, as expected,

produced a much smoother and semi-continuous spark evolution.
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Figure 5.2: Spark Intensity in first experiments for tests 1: fast settings (a), test 2: medium
settings (b) and test 3: slow settings (c).

Given that, in this first set of experiments, the biggest challenge of the spark algorithms was

to successfully isolate the spark from the background, the mentioned segmentation and
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randomness caused by medium and fast speeds, increased this difficulty. On some occasions,
the spark isolation algorithms would choose the wrong section of the spark or a strong glass

reflection, creating those random variations of the spark evolution trend.

Furthermore, there was an important limitation related to this type of image acquisition
system. The sample rate of these tests was significantly wide, and there was plenty of spark
information was lost in the 5-second spaces. For this reason, the conclusion of a more
favourable set of results through slow settings was carried on, however, another image

acquisition system with more robustness seemed necessary to test this statement further.

5.3 Video Feed Using High-speed Camera and Parameters

The conclusions mentioned above led to this second set of experiments, where a high-speed
camera, recording a video feed was chosen. The wide gaps of data in the first experiments
were solved by the introduction of a video feed, which is a near-continuous way of acquiring
image data. Also, the need for a more robust system was addressed by using a high-speed
feed. The idea was to record the high-speed video feed in a high frame rate, so that again
fast and slow acquisition setting could be compared with a single set of data. This also

enabled the extraction of as much information as possible.

The camera manufacturer’s software enabled the segmentation of the high-speed video in
images of each video frame, therefore delivering 300 images per second. However, given
that a high-speed camera and only one insert were used, the process was quite intermittent

and some images had almost no visible spark, as can be seen in Figure 5.3.

|
-
-

Figure 5.3: Second experiments, Test 1 - Run 4: sequence of frames 2356, 2357, 2358,
2359 and 2360 respectively.
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Therefore, the use of the area extraction algorithm was again not possible, as this algorithm
would try to find bright areas like the spark, extracting the area of the whole image instead.
For this reason, it was decided to again only use the intensity algorithm to produce intensity
evolution graphs from both tests, as shown in Figure 5.4. These graphs show how

intermittent and noisy the extracted intensity signal was once processed.
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Figure 5.4: Second experiments spark intensity evolution for Test 1 (a) and Test 2 (b).
To smooth this noisy spark intensity trend, some sort of filtering technique was required, and
between the many options available, a moving average was selected. Moving averages are
commonly used to smooth quick variations of nearby points, which is the case of the spark

intensity trend, and the code used for this filter followed Equation 5.1.

1
Yaverage(n) = W(y(n) + y(n -+ + Y(n - - 1)))

Equation 5.1

Where Yaperage is the new averaged value of y data points inside the window V.

To select the moving average window size W, kurtosis values were extracted using different
window sizes, as shown in Figure 5.5. Kurtosis is the measurement of the “peakedness” of a
distribution, and it can help selecting a window size value that smooth data while keeping

important information.
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Figure 5.5: Kurtosis values for Test 1 (a) and Test 2 (b).

It was found that in a range between 10 and 600, some very similar overall smoothing results
were perceived in the intensity graph, and even though kurtosis settled down at around 50,
in closer inspection some variability was found. In the range of 300 however, there was a
good balance between extracting relevant data and obtaining a general smoothness in the
trend’s outline. In Figure 5.6 the result of the implementation of the moving averaging filter
can be found, where the intensity averaged values produced the much readable outline of
spark intensity. This made in turn, easier to analyse and understand the spark behaviour,

and it became clear once again that very instantaneous images were too problematic.
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Figure 5.6: Averaged Spark intensity evolution for Test 1 (a) and Test 2 (b).

o
o

E
X}
©
=
o

Even though these results and technique were promising for further analysis, there was still
the limitation of not being able to implement the area extraction algorithm. Therefore, in
order to compare this approach with the still image acquisition methodology in the section
5.2, and to be able to successfully extract spark area, an image combination step was

introduced.
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5.3 Video Feed Using High-speed Camera and Parameters

Through image combination, most of the information in each image could be considered and
packed into a single frame. Also, the erratic variance of the spark and the problematic images
with no spark could be overcome. Consequently, after analysing different methods and
programming commands available for image combination, an arithmetic summation and
averaging of the images was selected for its reliability and processing time efficiency. This

method is described by Equation 5.2.

k

;Z [1(k) - R]
k

[EnN

Equation 5.2
Where Y is the resulting image, | represents each image used in the combination, R is the
reference image for background elimination (described in the chapter 3) and k the total
number of images. In Figure 5.7 (a) & (b) this image combination step was implemented,
using a sample length of 300 images per combination. This value was selected in accordance

to the Moving Average, also delivering a good direct relation with machining time.
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Figure 5.7: Spark evolution in Test 1: Intensity (left) and Area (right) (a), and Test 2:
Intensity (left) and Area (right) (b).

Both, the moving average and the image combination algorithms seemed to successfully
emulate the result of a conventional camera with a slow shutter speed. Furthermore, the
image combination approach proved that an increased sample length produced richer
images with a more consistent spark, easier to isolate and process. Evidently, there is a limit
to the length of the sample, which in the present case was set to 300 images, as over-
averaging could create a loss of important spark information. On the other hand, this image
combination approach made clear that the use of a high-speed feed was unnecessary. The
frame by frame processing provided high frequency and noisy results, and the image
combination made such a high frame rate redundant. Also, even though the video feed was
segmented in frames, which could arguably be like acquiring still images as in the first
experiments, the sample rate from the video feed is a clear advantage. Still picture cameras
can be very dependent on the internal capacity of the camera hardware and memory speed,
which in the first experiments lead to the wide 5 second gaps between images. Video feeds,
on the other hand, produce higher sample rates, ranging from around 20 to 60 frames per

second in conventional video cameras.

Therefore, it can be concluded that for the present vision-based TCM system, a video feed
acquisition system with a sample rate of at least 20 frames would be optimal. On the other
hand, the video feed obtained in the second experiments was grayscale, while in the first
experiments it was in full colour. The distinctive colour gamma of the spark aids greatly in
the spark isolation section of the algorithms. Consequently, another important requirement
for the optimal image acquisition system would be to include a full-colour feed. All this
proves that a conventional, low-cost video camera device could be used, improving the

effectiveness of the general TCM system.

5.4 Summary

The objective of the present chapter was to evaluate and select the best image acquisition
system and its optimal parameters. In the first sections, a comparison of different camera
shutter speeds was carried out, showing how slow speeds yielded readable and accurate
results. However, a highly important limitation was identified, as photographic devices taking
still pictures are highly dependent on hardware capabilities, creating in those experiments
wide gaps in the acquired data. This limitation was solved by the introduction of a video feed,
and the use of a high-speed camera enabled the analysis of different approaches related to

the speed of the acquisition parameters.

88



5.4 Summary

The next chapter presents a study of the spark-wear relation, where data was used from the
two experiments explored in this chapter. Even though the conclusions drawn in this chapter
suggested that the first experiments’ acquisition system was not optimal, the spark-wear
results are important to support the research’s hypothesis. Later on, the second set of
experiments were analysed, using the optimal results obtained in this chapter, to further

support this hypothesis.
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6 SPARK EVOLUTION AND TOOL WEAR RELATION

This chapter explores the core of this research, in that it addresses the main hypothesis
where the entire study is based: the relationship between the continuous wear that ceramic
SiAION cutting inserts experience during high-speed milling machining, and the evolution of
sparks created by this metal cutting procedure. Furthermore, this chapter is greatly based
on a conference publication by this work’s author (Dominguez Caballero et al. 2016b), where

all the following statements were presented.

The data obtained by the author’s previous work and described in chapter 3 as the first set
of experiments were revisited for this chapter. Algorithms were updated and optimized, and
new algorithms were created to generate a more conclusive evidence of the research’s main

hypothesis.

The second set of experiments was also used to evaluate the hypothesis in this chapter,

where evidence of the spark-tool wear relationship was also found.

6.1 Methodology

The first set of experiments was discussed in detail in the chapter 5, and therefore will not
be once again fully described. Yet, it would be relevant to remember that an SLR camera was
used in four test that included high, medium and slow shutter speeds. However, in the
present chapter, only the fourth test will be assessed. This is because the fourth test included
machine stops to measure tool wear, as well as slow shutter speed, given the conclusions

that were drawn in the previous chapter.

In the second set of a high-speed video camera was used to record the cutting sparks. It is
important to remember from the methodology chapter that in test 1, the ceramic insert was
extracted from the tool then weighed and photographed between runs. In Test 2 however,
the insert was also photographed, but this was conducted with the insert still mounted in
the tool and consequently, no mass measures were extracted. For this reason, only the
results from test 1 of this second set of experiments will be explored in the present chapter.
Furthermore, the image combination algorithm will be used as these tests included a video

feed.
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6.2 Spark— Wear in First Experiments

6.2.1 Spark Feature Results

The images obtained through the fourth test in the first set of experiments were downloaded
into the MATLAB software for processing. After this, the two algorithms described in chapter
3 for extraction of intensity and area were implemented. Also, as mentioned there, the
cutting process was divided in 8 runs where the process was stopped to measure tool wear.
This presented a problem when analysing data from the spark algorithms, as the stops
created low or zero values of intensity and area. For this reason, an extra processing step
was introduced to remove those sections of data where these stops occurred. Figure 6.1
shows the resulting spark evolution in intensity (a) and area (b) (see Appendix V for the raw
data with the machining stops). Both graphs have, on the horizontal axis, time in seconds,
regarding machining time of the milling process. The vertical axes, on the other hand, are for
intensity metric in the first and area in number of pixels in the second. As may be expected,
both figures display some similar behaviour. There is a sudden increase in spark intensity and
spark area at 60 seconds, highlighted by a red square. Also, there is a similar high gradient
between 80 and 100 seconds, encircled in green. Both figures also display a similar gradually-
increasing trend of the descriptors throughout the machining time. This shows that these

descriptors are correlated and are representative of the spark development.
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Figure 6.1: Spark evolution: intensity (a) and area (b).

6.2.2 Insert Wear Results

In this set of experiments, only microscope images of the rake face of the inserts were
recorded. This was one of the main changes that were introduced during the following
experiments after the realisation of how it limited the quantity of wear data. However, since
these first experiments were performed in collaboration with the AMRC (Advanced
Manufacturing Research Centre), the author had little influence in how the tests were

conducted.

For the rake face images, the procedure described in the section 4.1.1 was used, and crater
wear area was extracted from each insert’s image. The results are shown in Figure 6.2, where
the trend starts from time zero, where the insert has no wear marks, up to its maximum
value of 12.11 mm?. It is important to mention that this value of maximum crater wear area

is in accordance with the results obtained in the wear assessment chapter.
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Figure 6.2: Insert’s crater wear area.

6.2.3 Spark — Tool Wear Relation and Discussion

Figure 6.3 shows both spark descriptors along with the wear measurements of crater wear
area. The vertical axes are applicable for each value graphed in the figure, where the left side
vertical axis in blue corresponds to the spark intensity values, also in blue and with a dashed
line. On the right, there are two vertical axes, the one in black and nearest to the figure
corresponds to the spark area, with its trend graphed also in black, with a dashed line and

markers for each recorded value. Finally, the vertical axis in red and in the far-right

180

corresponds to the insert’s crater wear area, found in a solid red line inside the figure.

Intensity Metric

Figure 6.3: First experiments - Test 4: spark area, spark intensity and insert’s crater wear

----- Spark Intensity

— ¢ - Spark Area Ie

— Crate: Wear Area /

n

60 80 100
Time (s)

120

area.

%94

140

160

0
180

%108
5

Area (Number of pixels)

Area (mm2)



6.2 Spark — Wear in First Experiments

In the figure, it is possible to see that all three measures have a general qualitative
correlation, as the steepness of them all is very similar, particularly between zero and 120
seconds of machining time. However, it was impossible to calculate a quantitative correlation
of all these trends, as there is a dimensional mismatch between the number of data points
in each one. While both spark descriptors have the same amount of values, the crater wear
area measurement only includes 8 points. It could be argued that some curve fitting could
be done between these data points to calculate correlation values, but given the nature of
the crater wear area (described in section 4.2.2), it was decided not to do it at this point of

the research.

On the other hand, the optimised algorithms for the area and intensity extraction appeared
to be working correctly in isolating and extracting spark data. The trend lines of both
descriptors seemed to run smoothly and with very little presence of noise. The expected
general and gradual increase of both features with machining time occur, supporting that
these descriptors are indeed most relevant for spark behaviour analysis. Furthermore, the
tool crater wear extraction algorithm and results also seem to be creating a clear and smooth

path throughout the machining time.

Another limitation that was encountered was the image acquisition system. As it was
described in chapter 5, the use of an SLR camera taking still pictures every five seconds
created very wide gaps of data in the spark evolution behaviour. While conducting the
experiments, interesting variations of spark evolution could be spotted with the naked eye,
which were lost in the normalisation that these gaps create. Furthermore, there was a lack
of other tool wear mechanism measurements; and whilst the crater wear area was
successfully extracted and related to the other descriptors, more wear data would have been

certainly beneficial.

Regardless of these multiple limitations, the intrinsic similarity of these three resulting trends
successfully supports the basic hypothesis of this research, enabling the further exploration
of the desired tool monitoring system using this phenomenon. For this reason, and given the
limitation already mentioned of the dimensional difference of the variables, a predictive
scheme using neural networks was chosen for the next step in the research. As it was
described in the literature review chapter, these machine learning tools can absorb
dimensional differences in variables given the robustness they can attain if the correct

number of layers and weights are chosen.
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6.3 Spark — Wear in Second Experiments

The second set of experiments attempted to overcome some of the limitations described
previously by implementing the continuous high-speed video feed and introducing in the first
test the weighting of the cutting tools. Therefore, this section has the objective of supporting
the conclusions drawn before by giving additional evidence of the spark-wear relationship
found in these new experiments. However, as mentioned in section Error! Reference source n
ot found., only the first test will be assessed since it included both weight measurements
and microscope images of the cutting inserts. Additionally, only the spark area trend will be
used to compare spark and tool wear to improve the data readability at the end of this

section.

6.3.1 Insert Wear Results

All the tool wear mechanisms described in the chapter 4 were also found in the cutting tool
used in this test. The presence of adhesion and flaking of the inserts rake face was evidenced
by the mass loss shown in Figure 6.4, where each marker on the mass loss trend corresponds
to a machining run. It can be appreciated how there are small mass loss decrements from
run 1 to 2, from run 3 to 4 and from run 5 to 6, showing the presence of adhesion.
Additionally, there are clear increases of mass loss from run 2 to 3, from run 4 to 5 and from

run 6 to 8, showing the flaking mechanism.
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Figure 6.4: Insert’s mass loss.

Figure 6.5 shows the resulting crater wear areas obtained by using again the image
processing procedure described in section 4.1.1. Comparable to mass loss, the presence of

flaking was found in the clear increases of crater wear from run 2 to 3 and from run 4 to 5.
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However, it was found that from run 5 to 6 there was a discrepancy in these wear descriptors,
as mass loss decreased while crater wear area increased. This was found to be caused by the
adhesion mechanism, which occluded the insert’s material loss when weighed. This variance
shows how the crater wear area assessment can overcome this issue, which could otherwise

be misleading.
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Figure 6.5: Insert’s crater wear area.

6.3.2 Spark—Tool Wear Relation and Discussion

At the results of the first set of experiments in section 6.2.3, it was easier to observe a
qualitative correlation between spark and wear. The wide gap between images enabled a
very gradual behaviour of spark evolution, with a continuous increase. In this second set of
experiments, on the other hand, the rise in sample rate provided a more detailed spark
evolution, where a similar continuous trend was not easily identifiable. Figure 6.6 shows the
spark area evolution in solid blue line (left-hand axis), along with a mass loss in dashed black
with diamond markers (first right-hand axis), and with crater wear area in dashed red with
triangle markers (second right-hand axis). Although the spark evolution had a generally
increasing trend throughout time, it can be seen in the figure that there were plenty of
discontinuities in spark area evolution. However, on closer inspection, it was found that
these spark “fluctuations” could be attributed to important events in the cutting insert’s

wear behaviour.
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Figure 6.6: Second experiments — Test 2: spark area, insert’s mass loss and insert’s crater
wear area.

The sudden increase of mass loss and crater wear area from run 2 to run 3 coincide with
important drops of spark area. This is also the case from run 4 to 5 and run 6 to 7, where
spark evolution drops are met with mass loss and crater wear area leaps. Analysing these
results, and performing a detailed examination of the video feed, it was apparent that every
time the cutting tool suffered a flaking or chipping of material, the spark seemed to rapidly
decrease in size. The proposed explanation for such behaviour was that every time the
cutting tool lost an important amount and area of material, a new sharp edge was revealed.
This new sharp edge would create a temporary new low worn surface of the insert, reducing
the size and intensity of sparks, but creating poorer and poorer surface finish. Additionally,
the loss of cutting tool material would also impact in the accuracy of the cutting depth and

feed per tooth.

This phenomenon of sudden cutting tool material loss appears to be of great importance for
the current research. These events seemed to be crucial to accurately monitor the actual
tool condition and possible tool failure. It was therefore proposed that these “flaking events”
were the failure mechanisms that could lead to tool breakage. As was described in the
chapter 4, flank and notch wear were found to be important mechanisms to continuously
map the tool’s condition, even though they did not seem to be the main causes of tool failure.
Nevertheless, as it was also described in that chapter, these two mechanisms are significant
precursors of the microcracks that appear to weaken the cutting tool material and lead to

the mentioned tool flaking and chipping.
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6.4 Summary

It is almost impossible to accurately and constantly measure the tool wear of cutting tools
whilst machining, otherwise this research and many other mentioned in the literature review
would be unnecessary. Therefore, the different ways in which indirect methods of TCM are
compared with actual wear can always appear to be quite empirical. However, a well-
supported method of comparing and aligning these two can be successful when enough

evidence of correlating behaviour and event recognition can be discovered.

The present chapter had the already mentioned objective of exploring and studying the main
research hypothesis. The two experiments chosen accurately proved that this hypothesis has
a very strong foundation and that further work was possible. The first experiments accurately
showed that there was an intrinsic qualitative correlation between tool wear (crater wear
area) and spark evolution (area and intensity). The second experiments, on the other hand,
expanded this correlation by showing the presence of spark events that could be directly

related to tool wear.

Even though these correlations could not be fully quantified due to the dimensional
discrepancy of the data in those tests, other methods could overcome this by using a more
robust method of fitting spark behaviour with wear data. This is the case of Neural Networks,
which are effective models of pattern recognition through statistical analysis. Fed by a
compound of experimental data as training, neural networks can accurately obtain a
compact model, with fast data processing (Bishop 2006). Therefore, the next chapter will
present the design and application of a neural network for the prediction of tool wear. This
neural network was entirely based on the conclusions drawn by all of the previous chapters.
For instance, based on the conclusions exposed in the chapter 5, the thrid set of experiments
incuded the use of a video feed to implement the image combination algorithm, emulationg
the mentioned “slow camera settings”. On the other hand, the selection of output variables
of the neural network came from the assessments and conclusions drawn in the chapter 4.
And finally, the general use of variables and the interpretation of results were mainly based

on the conclusion and discussion presented in this chapter.
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7 PREDICTIVE TOOL CONDITION MONITORING VIA NEURAL
NETWORKS

All the previous chapters included different objectives that together, had the goal of
supporting the decisions included in this final chapter. Having shown in chapter 6 that there
is an apparent empirical or qualitative correlation between the spark evolution and the
measured cutting tool wear, it was decided to attempt to implement a method of tool life
prediction. As was described in the literature review in section 2.4, Artificial Neural Networks
(ANN) are mathematical models which are capable of representing input-output
relationships via a process of pattern recognition and supervised learning. Therefore, the
current chapter describes the implementation of this model to the data extracted from the
final experiments, with the objective of building a neural network capable of predicting tool

wear.

7.1 Methodology

In section 3.3.3, the third set of experiments was described, where a design of experiments
(DOE) was used to plan different tests, varying different relevant machining parameters. It
was mentioned then that the conclusions found during the analysis of the first and second
set of experiments were essential to the planning and execution of these final tests. It was
found through the assessment described in chapter 5 that the best image acquisition feed
for this research would be a video feed, and that the image combination algorithm as a
method of simulating slow acquisition settings was fit for purpose. In chapters 4, the third
set of experiments was also used, given the richness of data obtained from those tests.
However, these tests were not revisited or described, as it was deemed important to do this
in the present chapter, where all the data extracted from these tests would be used.
Nevertheless, in that chapter, as well as in the literature review section 2.1.2 and chapter 6,
the importance of certain tool wear values was stated, and this was also an important factor
for the design of that third set of experiments. Therefore, as it was described then, the DOE
included different machining parameters organised into orthogonal designs to reduce the
number of tests whilst achieving a good mix of values. The collected wear datasets have
already been presented and described in chapter 4, however, the area and intensity datasets
have not been discussed. These two features had to be extracted from the many video

recordings of each machining run inside each test.
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As was described in section 3.2, the general intensity and area extraction algorithms followed
a similar structure and order throughout all the experiments, however, these had to be
adapted for each set of experiments. In the case of the present third set of experiments,
there were two major corrections to the general algorithm, where the subtraction of a
reference image from all frames was eliminated, and an additional step to remove data from

time periods when the tool was not engaging the workpiece was introduced.

Firstly, the elimination of the use of a reference image to reduce background information
presented a problem during these experiments. Given that the workshop where the tests
were conducted was relocated, the new location presented a problem that the previous sets
of experiments did not experience. As was mentioned a few times in chapter 3, the external
illumination conditions in the first and second sets of experiments were kept as constant as
possible. Nevertheless, the new location of the milling machine included direct incidence of
natural light, and hence, different illumination conditions throughout the day and the
seasons. Even though minimisation of this effect was attempted by reducing the ISO
parameter (also described in chapter 3), as well as by partially blocking windows, this
variation was observed in all the videos. The way this variation caused a problem with the
existing algorithm was that, since the reference image was the first image of the data
compound, this picture would generally have a very different illumination that the rest.
Consequently, as the reference image subtraction was an arithmetic subtraction of intensity
levels of the images, in some cases this would not eliminate any of the background,
producing unreliable spark intensity and area data results. Therefore, this step was replaced
by a different approach in the general algorithm. Instead of subtracting a reference image
from all the frames, each frame was subtracted from itself by using an image morphological
opening technique. Each frame was partitioned in each of its RGB channels, as shown in
Figure 7.1, and given that the spark is mostly present in the Red channel, this technique was

applied only to the other two channels.
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(d)

Figure 7.1: Partitioning of original image (a) into Red (b), Green (c) and Blue (d) channels.
Through the morphological opening technique, the image’s pixels experience an erosion
followed by a dilatation, based on a determined structuring element. The structuring
element represented a neighbourhood of pixels, limited by a certain distance and a certain
shape, where this erosion and dilatation would be implemented. The erosion consists of
mapping structuring elements so that the centres of these elements are distributed
throughout the image and small image elements inside are eroded. The dilatation
mechanism does the opposite, using again the structuring element, but incrementing the
area of picture elements. In the present approach, a “disk” shaped element was chosen, as
it is an element commonly used for these tasks, for it improves processing time whilst its
shape has distinct advantages for background removal. With these elements, the radius
determines its size and another value is used to approximate the disk shape. After this
technique was applied to the Green and Blue channels, these were concatenated to reform
a three-channel image, but with a structure BGB, as shown in Figure 7.2. This last image is
the one that is subtracted to the original image and the resulting effect can be observed in
Figure 7.3, where most of the background has been removed and the spark has been

isolated.
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Figure 7.2: Concatenated BGB image from the morphological opening of the green and
blue channel.

Figure 7.3: Resulting image from subtraction of concatenated GBG image.
The second adjustment to the general algorithm methodology was the introduction of a step
to remove the spark area and intensity values obtained from frames where the tool did not
engage the workpiece, as shown in Figure 7.4 where these values are encircled. During
testing, the video feed was initiated as the machining run was started, and since the cutting
tool would travel some distance before engaging the workpiece, those frames were also
recorded. Likewise, at the end of the run, the cutting tool would exit the workpiece and
frames would include small sparks from the disengagement and no spark from the remaining
tool path. This was the same situation as in the second set of experiments, where all
throughout section 5.3 the resulting graphs would have a fluctuating outline that showed
each machining run. However, in the present set of experiments and for this chapter’s
objectives, it was important to eliminate these apparent “low values” of spark intensity and
area, as they could be problematic for the neural network. Therefore, this step would
evaluate the area and intensity results extracted from each video (each run), calculating the
standard deviation of their values. Then, the first value found to be above a certain
percentage of the standard deviation would be located and regarded as the first value of
actual tool — workpiece engagement. The percentage value was introduced to give this

discrimination step more flexibility, and it was set to 80% after repeated trials as the spark
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behaviour varied significantly from test to test. After this, a certain number of the following
values was recorded, ending this window with the last value of actual tool — workpiece
engagement. Since this task did not need to be automated, the selection of this window of
values and the evaluation of the last value was done manually, mainly to avoid loss of
relevant data. Also, the window of values was the same for all the runs in the same test, as
they all had the same toolpath, and hence, the same machining time. The full algorithm for

this set of experiments can be found in Appendix VIII.
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Figure 7.4: Spark intensity in Test 1, third set of experiments, with tool disengagements
encircled.
In section 4.2.3, the tool wear measurements of all the tests were presented. However, it is
important to mention that during data processing it was discovered that the video recordings
of test number 15 were missing; and whilst its tool wear measurements were recorded
successfully, this test had to be omitted during this chapter. Retesting was considered but,
given that the workpiece material and cutting tools had been completely used, preparing
new material and purchasing more tools for one test was not deemed a good use of

resources.

7.2 Two-Layer Neural Networks and Netlab Overview
As was mentioned in the literature review, in section 2.4, the Multi-Layer Perceptron is a

widely used architecture of a Neural Network (NN) for its adaptability and its processing
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efficiency. This architecture generally consists of two layers of weights interconnected
between the nodes, as shown in Figure 7.5. Furthermore, this architecture is generally
capable of “universal approximation,” as they can approximate any function with a certain
level of accuracy, assuming there are enough hidden nodes (Nabney 2002). In Figure 7.5,
from left to right, the first layer corresponds to the input layer of variables x; where i =
1, ...,D. Then the second layer corresponds to the hidden layer, with its hidden units or
hidden nodes z; with values j = 1, ..., M. The variables x, and z, correspond to the bias
parameters associated with these two layers. Finally, the last layer corresponds to the

outputs layer, denoted with the variable y;, where k = 1, ..., K.

hidden units

Figure 7.5: Diagram of a two-Layer feed-forward architecture of NN (Bishop 2006).
In any neural network, the weights w; that are interconnected between layers are the ones
that are adapted throughout the training phase, as they act during the feed-forward

propagation. This propagation is carried out by a set of intermediate activation variables

that, from the first to the second layer, are given by Equation 7.1. Every a}l) variable is

associated with each hidden unit and the variable bj(l) correspond to the bias parameters

associated with the hidden units.

D
1 (€8] €Y) -
i=1
Equation 7.1

After this, the activation variables are transformed using a non-linear activation function at

the hidden layer, and their outputs are given by Equation 7.2.
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_ €))
zj = tanh (aj )
Equation 7.2
Finally, the z; is then transformed into a second set of activation values by the weights and

biases in the second layer, given by Equation 7.3.

M
@Y WPy +bP k=1.K
j=1

Equation 7.3
For regression problems, which is the case of this study, the output layer variables take the
form of the linear function y,, = a,((z). In the case of classification problems, the activation
output units are transformed using other different functions that will not be discussed in this

work.

As mentioned previously, neural networks are capable of approximating continuous
functions by supervised learning through a set of training data points. The way a NN’s training
phase enables the adaptation of the weights between layers is a technique named
backpropagation. This is a complex technique that is repeated during training by a defined
number of iterations, until the NN achieves in approximating, to a certain accuracy, the input-
output relationship. Initially, the NN model assigns random values to the weights. The
obtained output values are then compared to the already known target values t; in the
manner given by Equation 7.4, for each pattern n in the data set. After this, error values §
are calculated and through error backpropagation, the weights are updated to a new value.
This process is repeated a certain number of times as the error gets reduced; arriving at an

input-output function approximation with a certain level of error.

5" = it

Equation 7.4
To find the best neural network for a certain set of input-output data, it isimportant to select
the correct number of hidden nodes. If the number of hidden nodes is too high the network
can become overcomplicated, impacting in processing efficiency, and most importantly, in
possible “overfitting” of the data. In the other hand, if the number is too low, the network
may be underfitting data, delivering a low level of accuracy. Overfitting is a common problem
in the implementation of neural networks. When this issue occurs, the networks may appear

to deliver low values of error for the points used during the supervised learning, but when

new data is presented, the error becomes very high.
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The common practice to build and select a fully functional NN is by a cross-validation
method, where the input data is divided into three data sets, namely for Training, Validation
and Testing. The way data points are divided can be arbitrary, depending on the type of input
data and the purpose of the NN; similarly, the number of data points for each section of the
cross-validation can also be selected arbitrarily. However, for the latter, the number of
training points can generally be around the 70% as it is desirable to use most of the examples
for the supervised learning but leaving some instances for validation and testing.
Consequently, the number of validation and testing points can be around 15% each. Later in

this chapter, these quantities will be selected as per the analysis of the type of data used.

The software used to create NN in this research was a toolbox for MATLAB software named
Netlab? by Nabney (2002). This toolbox includes different commands and operations that aid
in building and cross-validating a NN. As an overview, to create a NN in this toolbox, the initial
step would be to set-up the network parameters, declaring the number of inputs, outputs,
hidden nodes and hyperparameters. Then, through a separate command, the network’s
structure is initialised using all the parameters previously declared. After this, some
optimising parameters are introduced to control the NN, where the most relevant parameter
relates to the desired number of training cycles. Finally, the algorithm uses another
command to optimise or train the neural network using some input values and their
respective known target values. This trained network would be the one used in the validation
step to select the best network and avoid overtraining, and in the testing step to report the

NN final error value.

Even though this overview mentions the general procedure of the Netlab toolbox, there are
some commands, factors and operations that are worth analysing before the NN can be
implemented on the research’s data. Firstly, there are different optimisation algorithms that
can be applied to the main operation of “network optimisation,” which is the Netlab
command that trains the network. In the present research, the optimisation algorithm
selected is the “Scaled Conjugate Gradient,” given that this algorithm is widely used in two-
layer neural networks in MATLAB. According to Nabney (2002), it can provide conjugate
searched directions, without performing line search or calculating the Hessian matrix, and it

can outperform other conjugate gradients and quasi-Newton algorithms.

2 Netlab Neural Network Toolbox by Nabney and Bishop, Aston University, Birmingham. URL:
http://www.aston.ac.uk/eas/research/groups/ncrg/resources/netlab/
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Furthermore, before building and optimising the NN the hyperparameters, as well as the
number of training cycles or iterations, can be declared. For the NN built in this chapter, only
the weight-decay hyperparameter < was declared. It is a regularisation parameter used in
Netlab’s neural networks to penalise large values of weights, and hence avoid overfitting. On
the other hand, the number of training cycles declared is the number of times that the
optimisation procedure will be carried out. For both parameters, it is advised to use cross-
validation to select their values; however, the amount of time required, compared to the
possible benefit of doing this long study was not deemed necessary by the author. Therefore,
a fixed « value and a fixed number of iterations were selected and implemented in all neural

networks, and their values were selected by recommendation of the Netlab literature.

Another set of commands and values worth analysing are the error values that the toolbox
algorithms calculate, as these are relevant for the presentation of results later in this chapter.
During the training cycle of the NN, each iteration automatically calculates and records a
Bayesian error value. This type of error value is widely used in Netlab, where is also known
as “overall error,” as it uses the regularisation parameter «. The value of this Bayesian error
is given by Equation 7.5. The variable E, is a “data error” calculated in Netlab by Equation
7.6, where N is the number of data points; and Ey, is a “weight error” term in the form of

Equation 7.7 inside the toolbox, where W is the total number of weights.

E = ED + EW
Equation 7.5
N
1 2
Ep =5 ) G w) — %)
n=1
Equation 7.6
w
x
X EW = EZ Wi
i=1
Equation 7.7

Given that the recording of the Bayesian error is done automatically throughout training, this
type of error will be used to present training results. On the other hand, to present all other
results of the cross-validation process, the mean-squared error (MSE) will be used instead,
which can be calculated using the data error by implementing Equation 7.8. The MSE is used
in most literature regarding neural networks’ performance, and therefore, this was deemed

the most appropriate for this work.

MSE = 2Ep
3N

Equation 7.8
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In the following sections, the different decisions regarding data manipulation and NN
algorithm implementation will be presented and discussed. Therefore, it would be relevant
to relate back to this section to understand the different concepts used for the neural

networks and for Netlab.

7.3 Neural Networks and Results

In the present section, the different neural networks that were created and the cross-
validations that were carried out for the third experiments’ data will be presented. In an ideal
set-up, a single NN would be created using all the data obtained in those experiments. This
would mean using some tests for training, some for validation and some for testing.
However, to successfully understand and analyse the neural network’s behaviour, it was
decided to divide this section into three steps. Firstly, to see whether it was possible to relate
the spark features as network’s inputs to the wear parameters, this step consisted in carrying
out a cross-validation for each test individually. This permitted an isolated analysis of tests’
results, making possible to understand the behaviour of the networks and their respective
levels of accuracy. After this, the machining parameters were included in a cross-validation
with all the tests’ data to observe their impact on the neural network. However, in this step,
the tests’ data points were randomly selected and assigned to the training, validation and
testing data sets. This attempt permitted the creation of a single NN for all the tests and with
data points from all the tests inside the training, validation and testing steps, enabling a more
direct interpolation of the targeted outputs. Finally, a cross-validation was carried out using
again the entire tests’ data, such as in the previous step. However, all the points of each
entire test were taken together into the training, validation and testing data sets; such as it
was described above as the ideal set-up of the NN. The objective of this approach was to
evaluate whether a single trained NN could correctly predict the wear outputs using data
from unseen tests. Consequently, the sorting of these tests was done using the DOE
orthogonal designs, which had certain properties that were useful for this final approach.
Therefore, in a summary, the first individual step helped to understand the challenges that
the NN could face by isolating their implementation, whilst the other two steps provided a
good idea of how these networks would work in a more demanding scenario. Nevertheless,
some challenges were found during each cross-validation, and some changes were required

and implemented.

Some parameters were kept constant in all the three steps; these were the optimisation
algorithm, the hyperparameter, the number of training cycles and the use of error values.

Furthermore, regarding the number of data points for each cross-validation section, it is
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important to mention that neural networks tend to have a better performance when a high
number of examples and data points are used during training. However, given that a DOE
was conducted to minimise the number of tests due to resource and time limitations, the
total number of examples and data points was not very high. Therefore, it was decided to
assign 80% of the data points for training, allowing a high number for the supervised learning
phase of the optimisation. Hence, 10% of the data points were assigned for validation and

10% for testing.

The input and output variables chosen for the networks can be found in Figure 7.6.

INPUTS HIDDEN NODES OUTPUTS

Spark Intensity N / SO
\RGL AL ) Notch Wear
Feed N
- Flank Wear

Cutting Speed
Crater Wear

Depth of Cut

Radial Immersion

Figure 7.6: Two-layer neural network for machining spark — wear prediction.
As can be appreciated, the neural networks inputs include the spark features and the
machining parameters. In a real-time scenario, these parameters are the only factors that
the NN could know during the machining process, as the spark features could be processed
in real-time and fed into the NN. On the other hand, the outputs are the wear measurements
discussed and presented in section 4.2, where their importance was described, whilst their
relationship with spark features was already explored in chapter 6. However, the wear
measurement of mass loss was not included here, given that it was not a continuously
increasing parameter, where adhesion acted to give potentially problematic gains of mass.
This could affect and confuse the NN, and it was decided that the crater wear area was also

capable of providing the information that the mass loss parameter could provide.
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Furthermore, it is common practice to normalise the data points fed into a NN to avoid
unbalanced networks and large weights. Therefore, all the inputs and outputs were
normalised using a MATLAB resource that centres the data to have a mean at 0 and scale the
data to have a standard deviation of 1. This can be appreciated in Equation 7.9, where p is
the mean and o is the standard deviation. Thus, all the results in this chapter will be

presented in normalised values.

Equation 7.9

Finally, the algorithms built for these networks followed the structure shown in Figure 7.7.

Data Loading

Data Pre-Processing

Data Assignment

NN Initialisation

NN Training

NN Validation

NN Testing

Figure 7.7: Neural network algorithm for machining spark — wear prediction.

Where each step has the following description:

1. Data Loading: In this step, all the data that was collected in the third set of
experiments is loaded into the algorithm (Spark Area and Intensity as inputs, as well
as Flank, Notch and Crater Wear as target values).

2. Data Pre-Processing: The pre-processing task included the regularisation of
variables, followed by a curve fitting of the wear parameters. Given that wear
measurements were carried out between runs, only 11 data points were recorded
for each test. Therefore, the curve fitting step created the additional points required
to match the spark features dimensions. In all algorithms, a linear interpolation was

used for curve fitting, as other methods such as cubic interpolation were tested, but
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their results were not adequate. The final processing of this step included the
creation of the machining variables, assigning values of -1, 0 and 1 to each level of
the variable (see section 3.3.3.1).

Data Assignment: In this step, the data points of the test or tests were assigned to a
different cross-validation section (Training, Validation, Testing). This step was
different for each one of the following approaches, and its implementation will be
described in each section.

NN Initialisation: This step includes all the sub-steps described at the beginning of
this section for Netlab, where the number of inputs, outputs, hidden nodes and
hyperparameters was declared. Then, the network’s structure was initialised and
some optimising parameters were introduced to control the NN, including the
number of training cycles. This step also included some changes in each approach,
and these changes will also be described in each section.

NN Training: In Netlab, this step is also known as network optimisation, and for
cross-validation, only the training data points were used to optimise the network.
This step provided training error values that could be used to assess the network’s
performance.

NN Validation: This validation step consisted in forward-feeding the trained NN
using the validation data points, providing error values to assess the network’s
performance.

NN Testing: This final step consisted in forward-feeding the testing data points
through the same trained NN as the previous step. Again, these steps delivered
output error values that gave the final accuracy result of the neural network. All the
NN steps from 4 to 7 were the actual cross-validation steps, which were repeated to

report the best network’s training error.

The selection of the number of hidden nodes for a NN is crucial for its performance and

complexity. Therefore, it was important to test different numbers of hidden nodes in each

cross-validation, using the different error values to evaluate the best quantity. Additionally,

since the NN optimisation includes randomisation of the initial weight values, each

optimisation task can provide different results, even whilst using the exact same parameters

and data sets. Consequently, it was also decided to repeat each training, validation and

testing ten times for each number of hidden nodes, to select the optimal NN. This process is

depicted in Figure 7.8, where the tables for training, validation and testing include their

respective error values. The manner of selecting the optimal NN was by analysing the
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validation errors and selecting the optimal one, which had the lowest value with the least
complex NN. This decision was performed manually using the author’s criteria and will be
furtherly described in each approach. Once this optimal NN was selected, the testing error
value for that specific NN was the reported value to assess the final accuracy and

performance of the NN.

TRAINING
NN Number

Number of Hidden
Nodes

Optimal Validation Error; | Corresponding Testing Error

Figure 7.8: Optimal NN selection for different numbers of hidden nodes and neural
networks.

7.3.1 Individual Tests Networks

For this first approach, each test was processed separately, so that individual networks were
created for each test. Therefore, referring to the NN algorithm presented previously in Figure
7.7, this approach followed the described initial steps of “data loading” and “data pre-
processing”. However, since the machining parameters in a single test were constant, instead
of having six inputs only the spark area and spark intensity were used. After this, during the
“data assignment” step of this approach, a variable was created of the same size as input’s
dimension and with random values between 0 and 1. Then, using a conditional argument in
the algorithm, it was possible to separate each test’s data points into the training, validation
and testing data sets. Therefore, in a single test, all data points that had a corresponding
value in the randomised variable between 0 and 0.8 were assigned for training, whilst the
ones between 0.8 and 0.9 were used for validation, and between 0.9 and 1 were used for
testing. This was therefore in accordance with the mentioned data sectioning of 80% of data

points for training, and 10% each for validation and testing.

Furthermore, there exists a difference in opinions regarding the best number of hidden
nodes for a NN. For a two-layer NN, the number of hidden nodes dictates the number of
weights required. Using Equation 7.10 it is possible to calculate the number of weights in a
NN, provided the number of hidden nodes h, the number of inputs i and outputs o.

No.of Weights = (i+ 1)h+ (h+ 1)o
Equation 7.10
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The number of weights of a NN should be significantly lower than the number of input data
points. A NN with the same or higher amount of weights as input data points would create
an unnecessarily complex, over-trained and overfitted network. Therefore, this “ratio” of a
number of weights per number of data points can vary depending on the type of data and
neural network. In the case of the present research, three ratios were calculated to
understand the results of each tests” NN, and these were 3x1, 2x1 and 1x1; as can be seen

for each test in Table 7.1.

Table 7.1: Number of hidden nodes for different weight-input data points ratios.

7 11 23 30
12 18 37 45
12 19 39 50
8 13 27 35
12 28 37 45
10 15 31 40
7 11 23 30
14 22 45 55
17 25 52 60
10 15 31 40
11 17 36 45
13 20 42 50
8 13 27 35
7 11 23 30
10 15 31 40
8 13 27 35
14 21 43 50

The ratio of 1x1, whilst undesired, was considered to correctly evaluate each network to the
appropriate number of hidden nodes. The maximum number hidden nodes to evaluate a test
was set to a value slightly higher than the 1x1 number, as shown in the fourth column of
Table 7.1. Therefore, for instance, in test number 9 a good number of hidden nodes with the
3x1 ratio would be 17, whilst the test was evaluated up to 60 hidden nodes. It is relevant to
remember that, since different machining parameters were used, each test has a different
number of data points corresponding to their different machining times. It is also important
to mention that, since there are two factors in the algorithm that depends on randomisation,
namely the randomised variable and the actual NN, each random generator seed was stored

to preserve repeatability.
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Once the maximum number of hidden nodes to evaluate a test was calculated, the rest of
the algorithm would be implemented. Using the selection process described in Figure 7.8,
the optimal NN was selected for each test. It was mentioned then that this task was
performed manually, where the method of selecting the NN started by finding the minimum
values of error with the lowest number of hidden nodes. However, in some occasions, these
minimum values would include a number of hidden nodes closer to the 2x1 or even the 1x1
ratio. Regardless of this, the difference in the error value between these complex networks
and networks with a low number of hidden nodes was generally quite small. This is where
the author’s discretion would be used to select the most appropriate NN, finding a balance
between the least complex and most accurate one. Therefore, Table 7.2 shows these optimal
networks selected, with the number of neural network, number of hidden nodes and final
testing error for each test.

Table 7.2: Optimal networks, given by the NN’s number and a number of hidden nodes,
with final testing error values.

2 7 0.8063
9 13 0.455
6 11 0.3241
6 7 0.2808
1 8 0.3386
9 12 1.2134
9 7 0.1630
6 14 0.3640
2 3 0.1278
10 8 0.0665
1 8 0.0559
2 7 0.1818
10 7 0.0849
9 6 0.1896
3 10 0.3098
1 5 0.5662
1 10 0.1954

As can be seen in the table, in most tests the optimal NN was achieved with a number of
hidden nodes equal or lower than the 3x1 ratio, with the exception of tests 2 and 6. On the
other hand, it was interesting to find that test 9 had the lowest number of hidden nodes,

regardless of having the highest number of input data points.
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Taking test 2 as a representative example, Figure 7.9 shows the training mean-squared errors
for each number of hidden nodes, where the line shows the mean values of these errors. It
can be appreciated that the training errors behaved as expected in a NN, as the error

decreases rapidly until about 0.27, where the trend stabilises around the error value of 0.25.
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Figure 7.9: Test 2 training mean-squared errors for different numbers of hidden nodes.
Similarly, Figure 7.10 shows the validation mean-squared errors for each number of hidden
nodes. Here again, the general trend shown by the mean value line had the expected
behaviour, with a rapid descend, followed by a stabilisation, and then a mild increase. As
shown in Table 7.2, the chosen optimal neural network for test 2 was the 9™ network with
13 hidden nodes, delivering a validation error of 0.2766 and a final testing MSE value of

0.4555.
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Figure 7.10: Test 2 validation mean-squared errors for different numbers of hidden
nodes.

The number of iterations or training cycles was declared as 1,000, and the selection of data
points for the cross-validation was divided in 80%, 10% and 10%. However, it may be argued
that if these quantities were changed, there would be important changes in the accuracy
results of the selected NN. Nevertheless, the actual changes that these factors provided were
not very dramatic and arguably not worth the time expense of investigation. For the present
case of test 2, if the number of iterations was increased to 10,000, the final training error
would decrease to 0.4528. However, in the author’s opinion, the improvement in error of
less than 0.003 did not justify the increase of processing time by 10 times. Furthermore,
whilst in this test’s case, the training Bayesian error appears to continue to descend after
1,000 iterations, there were tests where the continuous flat slope would be obtained below
this number. Therefore, it would also impact in general pre-processing and processing time

of the networks, the labour of deciding which tests would benefit from more iterations.

Similarly, by altering the cross-validation sections for test 2 into 70% training, 20% validation
and 10% testing, the validation MSE would rise to 0.5227, even though the number of
validation points was increased, whilst the final testing error would be 0.6564. Furthermore,

whilst this change delivered poorer results, the difference in testing error was not too great.
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Yet, this test could aid in supporting that the initially chosen separation of data points was

advantageous.

Going back to the results obtained with the optimal NN, at closer inspection there were
interesting factors found. In Figure 7.11 the individual validation errors of the selected NN
number 9 appear to be quite disperse, showing the same initial rapid descend expected in

validation errors, but followed by constant sharp fluctuations.
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Figure 7.11: Test 2 validation MSE for different number of hidden nodes in NN 9.
Figure 7.12 shows the input values of spark area and intensity in (a), and the regularised
training notch wear target and predicted values in (b). It can be seen in (b) that the prediction
outline has a similar overall trend as the target values, however, there are plenty of leaps
and sudden decreases. In closer inspection, it was found that these leaps and decreases
matched the spark behaviour’s leaps and decreases. This can be evidenced by the encircled
areas 1, 2 and 3, around data points 23, 88 and 211, where the input’s behaviourin (a) is very

similar to the prediction outline in (b).
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Figure 7.12: Test 2 input values (a), and training notch wear original target values and
network prediction (b).
This was the same situation for the other two output variables of flank wear and notch wear

in Figure 7.13, where again the general trend of both appears similar, but with a lot of

fluctuations at the same data points as the input values.
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Figure 7.13: Test 2 original training output values and network prediction for flank (a) and
crater wear (b).

It is relevant to remember that, even though some data filtering was performed to eliminate
the effect of tool engagements and disengagements, some of these remained noticeable in
the spark outline. Additionally, there were the “flaking events” described in section 6.3.2,
where the spark trend experimented a sudden decrease of area and intensity due to the
newly exposed edge of the cutting tool. Therefore, whilst the small noise present in the
inputs’ signal appears to be absorbed by the NN, it was found that these larger changes may
be confusing the NN. This effect can be explained by Figure 7.14, which on the left figure,
one of the spark features (area or intensity) is represented, and on the right, its respective
wear feature (flank, notch or crater wear) is also shown. On the spark feature, points 1 and
2 appear to have the same value of the spark feature, S; = S;, even though they have different
time values, T1 < T.. On its respective wear feature, on the other hand, the wear values are
different, as the wear of the tool is always increasing, W1 < W,. Therefore, it was found that
the network appears to be attempting to assign two different output values to the same

inputs.

121



CHAPTER 7: PREDICTIVE TOOL CONDITION MONITORING VIA NEURAL NETWORKS

4  SPARKFEATURE .  WEAR FEATURE
> W
W2
T 2
: R/
S, Syt -/
Wy [ 3
T T, T T T =

Figure 7.14: Representation of network behaviour regarding a spark feature (left) and a
wear feature (right).

It could be a common misconception that neural networks are complicated black box models
that do not have limitations, or that can overcome almost any type of difficulty with input
data. However, this issue provided a good idea of how this NN is behaving, as well as the
causes for such predictions. Therefore, the neural network appeared to be affected by these
apparent “confusing variations” during training, and it seemed to be attempting to average

the predicted values for every recurrent input value.

All tests had a great deal of fluctuation in their outline, as disengagements and flaking events
were present in all of them. However, not every test had these “confusing variations,” where
the spark feature would decrease frequently to previous input values. Test 2 and test 6, as
mentioned previously, where the tests that required a larger number of hidden nodes that
the minimum for a ratio of 3x1. For test 2, it could be seen before that it contained many
confusing variations, and after a similar analysis, test 6 also appeared to contain many of
these. On the other hand, tests 9, 10 and 11 with low MSEs and low NN complexity, whilst
also presenting many input fluctuations, they appeared to contain less confusing variations,
as shown in (a), (b) and (c). Therefore, it was found that the complexity of the NN and the
final testing value of MSE appeared to be correlated to the number of confusing variations

in a test.
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Figure 7.15: Training inputs of spark area and intensity in test 9 (a), test 10 (b) and test 11
(c).

After careful analysis, it became clear that the main difficulty relayed in finding a way to
inform the NN that a new input that had the exact same value as a previous one, was
occurring at another moment of the machining task. Therefore, a possible solution found for
this problem, caused mainly by disengagements and flaking events, was the introduction of
a new input. This would allow the existence of a three-dimensional input array, where this
new value would allow the NN to change the plane of input values when a disengagement
or flaking event was found. This is represented by Figure 7.16, where S, is the spark area and
S, is the spark intensity. There, when the input level arrives to point (1), where a
disengagement or flaking event occurs, the new “spark event” input Sg would switch to
another plane in point (2). This way, the decrease in the spark features to point (3) would

occur without overlapping previous values at the initial plane.
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Figure 7.16: Representation of the introduction of a spark event Se input variable.
Therefore, this new approach would require the addition of a step at the pre-processing
stage of the NN algorithm, where this spark event was calculated. As was mentioned in
section 6.3.2, flaking events generally included a sudden decrease in the spark evolution,
where the lower level of spark area and intensity was maintained for a few seconds. After
careful analysis, it was found that five seconds was generally the minimum number of
seconds that the new level of spark was maintained. Therefore, this new step compared five
past values of spark features with a buffer of the next five data points. If the buffer points
were all lower than a certain percentage of the past five values, the spark event variable
would be assigned a 0.01 value. Then, the spark event vector would have this value of 0.01
in subsequent points until the next event was detected, where the value would be increased

to 0.02, and so on.

This solution was applied to the representative example of test 2, and the changes in the
prediction and error values were dramatic. In Figure 7.17 the training predicted outputs and
target values of notch, flank and crater wear are shown. It can be seen how the correlation
between the trends was importantly improved in the three outputs, and the testing MSE was
reduced by more than 90%. This can be appreciated in Table 7.3, where the number of
hidden nodes and the resulting testing errors of the previous method without the spark
event input are compared with this new approach with the spark event input. In most tests,
the number of hidden nodes was reduced achieving less complex networks, and the final

accuracy of all test was significantly improved.
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Figure 7.17: Test 2 original training output values and network prediction for notch (a),
flank (b) and crater wear (c), using spark event input.

Table 7.3: Compared results with and without the use of the Spark Event input, given by
number of hidden nodes and final testing error values.

RESULTS WITHOUT SPARK EVENT RESULTS WITH SPARK EVENT

HIDDEN NODES ERROR HIDDEN NODES ERROR
7 0.8063 7 0.0455
13 0.455 4 0.0225
11 0.3241 9 0.0618
7 0.2808 5 0.0418
8 0.3386 7 0.0151
12 1.2134 6 0.0087
7 0.1630 3 0.0789
14 0.3640 14 0.0198
3 0.1278 3 0.0294
8 0.0665 6 0.0392
8 0.0559 6 0.0278
7 0.1818 9 0.0125
7 0.0849 6 0.0356
6 0.1896 6 0.0144
10 0.3098 6 0.0234
5 0.5662 8 0.0179
10 0.1954 11 0.0257
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Before the implementation of this new input, there was a concern that, given that the spark
event variable would have a less fluctuating and overall increasing trend, the NN would
instead attempt to only map that variable for the prediction. However, it could be seen in
the previous figures that the general fluctuation of the spark features is still present in the
network prediction outlines. Therefore, this approach result was found to be successful and

applicable for the next steps of this chapter.

7.3.2 Randomised Data Network

This second approach, as summarised at the beginning of this section, consisted of using all
the data points from all the tests. The same approach as in the section 7.3.1 was
implemented at the data assignment step of the NN algorithm, where a variable was created
to randomly divide all points into the training, validation and testing data sets. Also, at the
NN initialisation step of the NN algorithm, the other inputs related to the machining
parameters were included. Finally, the same approach of optimal NN selection was used as
in section 7.3.1, however, in the present approach, only 5 NN were processed, instead of 10.
This was decided due to the processing time of the networks in this approach, where the
amount of data points was much larger than in the individual tests networks, and hence, the
number of hidden nodes tested was higher. In this approach, the total number of data points
of all the tests ascended to 4,428, providing an 80% training data set of around 3,542, and
10% validation and testing data sets each of around 442 data points. With this larger number
of training data points, the previous low data to weight ratios of 3x1, 2x1 and 1x1 would
mean 118, 177 and 356 hidden nodes each. Therefore, the processing time for 10 networks

with 356 hidden nodes was found to require almost a week of processing time.

However, in addition to that reduction of networks and given the large number of data
points, it was found that the ratio of input data points per weight could be improved into an
8x1 ratio, where around 44 nodes would be expected. Consequently, it was finally decided
to evaluate 5 networks and a maximum number of hidden nodes of 200, in this approach. It
is relevant to mention that even this “reduced” number of loops in the NN algorithm took

around 25 hours of processing time.

These parameters were implemented, and optimal networks were evaluated, both with the
initial 6 input variables (spark area and intensity, cutting speed, feed, cutting depth and radial
immersion) and with the inclusion of the spark event variable. The resulting validation
predictions and the original target values can be found in Figure 7.18, where (a) was obtained

with the original 6 inputs and (b) with the inclusion of spark events.
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Figure 7.18: Crater wear validation target values and network prediction for 6 inputs (a)
and 7 inputs (b)
The optimal neural network selected for the first had 27 hidden nodes and a testing MSE of
0.3025, whilst the inclusion of spark event approach reduced the number of hidden nodes
to 25 with a testing MSE of 0.0673. Here again, the spark event input aided in the general
performance of the NN, improving its accuracy by about 77%. Yet, there is still much
fluctuation in the prediction outline as the disengagements and flaking events still impact in

the NN performance.
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These results showed a successful NN performance, validating the use of the machining
parameters and the spark event as inputs of the NN. However, the manner of selecting points
for the cross-validation greatly aided the NN performance, as the interpolation was more
direct, having data points from all tests at training. Therefore, for the next step, it was

decided to use entire tests to get results of a more demanding scenario.

7.3.3 Full Test Data Network

This final step consisted of using the entire data points of a number of tests for cross-
validation. For this reason, at the data assignment step of the general NN algorithm, the use
of orthogonal arrays at the DOE helped in sorting the tests into the different data sets. As it
was mentioned in section 3.3.3.1, the full orthogonal array with the 18 tests could be divided
into two arrays of 9, previously shown in Table 3.10 and Table 3.11 in that section. However,
in the second array, the 15" test had to be omitted due to the error in the video feed
described in this chapter’s section 7.1, making a total of 17 tests. Therefore, given the
mentioned assignment of 80%, 10% and 10% for cross-validation, these tests were divided
into 13 tests for training, 2 for validation and 2 for testing. Furthermore, as orthogonal
designs have the property of providing pairs of combinations in experiments, the entire first
array along with four more tests of the second array, were assigned to training, as shown in
Table 7.4. The remaining four tests of the second array were sorted into the validation and

testing data sets shown in Table 7.5 and Table 7.6 respectively.

Table 7.4: Tests for training in final network’s cross-validation.

700 0.07 1 50
700 0.07 1.5 90
700 0.09 1 70
700 0.09 2 90
700 0.11 1.5 50
850 0.07 1.5 70
850 0.07 2 50
850 0.09 1.5 90
850 0.11 2 70
1000 0.07 2 90
1000 0.09 2 50
1000 0.11 1 90
1000 0.11 1.5 50
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Table 7.5: Test for validation in final network’s cross-validation.

850 0.11 1 90
1000 0.07 1 70

Table 7.6: Tests for testing in final network’s cross-validation.

850 0.09 1 50
1000 0.09 1.5 70

Furthermore, the spark event input was included at the NN initialisation of the general
algorithm, as it was previously demonstrated that this input improved the NN accuracy.
Given that this would be the final NN approach, it was decided to build again 10 networks,
each evaluated to a maximum of 200 hidden nodes. The processing time of this NN was
extremely long, as it took several days to finalise, however, it was deemed relevant to

improve the network’s possibility of providing the best results.

The neural network selected was the 9" network with only 6 hidden nodes, and its validation
predictions against target values are shown in Figure 7.19, Figure 7.20 and Figure 7.21 for
each wear output. It can be seen how this final approach required a much lower number of
hidden nodes to obtain a low value of validation MSE, and the trends of the target values
and network predictions are again quite similar. However, the resulting testing MSE was of
1.3792, and its predictions against target values can be seen in Figure 7.22, Figure 7.23 and
Figure 7.24. In these images, it is possible to see that the trends are again quite similar, but

growing in parallel with a gap between each other.
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Figure 7.24: Crater wear testing target values and network prediction for full tests
network.

This approach included a more demanding scenario, as the validation and testing data sets

included entirely unseen states of spark evolution and new combinations of machining
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parameters. The performance of the NN was successful in approximating the known wear
values at validation, however, the resulting testing MSE was quite high. Nevertheless, the
testing data set included test 1 and 6, which were some of the most challenging tests
regarding spark events and input fluctuation. It could be argued that by selecting other
combinations the NN could provide more accurate results. However, it is almost certain that
the improvement would not be very high. Additionally, in an industrial scenario, which would
be the final objective of this research, it would be desired to have a robust NN that could
overcome such difficulties. Furthermore, the possibility of carrying out all the possible
combinations to test these arguments would have exceeded this research’s timeframe due

to processing time.

The data acquisition methodology for the research should also be taken into consideration
when assessing these results, as the NN performance is also related to decisions made then.
The constant interruption of machining created the disengagements, which is one of the
main reasons of the undesired fluctuation of inputs. Also, the general illumination problem
described at the testing parameters section, whilst tackled by the revisions mentioned to the

algorithm methodology, they may be furtherly explored to achieve less variable spark results.

However, the main reason for the result obtained in this last approach was more related to
the quantity of data and the spectrum of testing examples. Therefore, it is relevant to
remember that all this analysis was based on the orthogonal arrays of the DOE, as this
method was selected to minimise the number of tests whilst assuring that all pairs of
combinations were tested in each 9 tests array. This property had the apparent advantage
of providing enough combinations for the training of the NN by including an entire array plus
four more examples from the second array. However, it was found that these designs did not
provide enough tests data to successfully populate a suitable cloud of examples for the
window of machining parameters chosen and their respective combinations. Instead, these
examples seemed to provide isolated and punctual cases for training, forcing the NN to
extrapolate at the validation and testing steps. Neural networks are excellent in
interpolating, as they are very good approximators of input functions where enough
examples are provided during training. However, they can be quite unsuccessful in
extrapolation, given the nature of their design and optimisation. This explains why the

behaviour of the NN was apparently less accurate in this final approach.

Therefore, more tests would have been necessary to achieve more accurate results in this

last scenario, where the entire range of machining parameters should have been tested and
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used for training. Also, it would have been desirable to carry out some tests with the same
parameters, to further understand the repeatability of the ceramic behaviour. Nonetheless,
this study was performed in the final stages of the author’s doctoral research, and the
timeframe was limited, preventing more material acquisition, experimental planning, and in
general, more testing. Yet, the results and conclusions described in this chapter were very

interesting and representative of this approach’s capabilities and limitations.

7.4 Summary

In the current chapter, a two-layer neural network structure was implemented to predict
notch, flank and crater wear; including initially six inputs, namely spark area, spark intensity,
cutting speed, feed, cutting depth and radial immersion. Also, a general NN algorithm was

presented, which included the steps that were implemented in all the networks created.

To fully understand and analyse the behaviour of the NN with the data that was acquired
during the third set of experiments, three approaches were developed. In the first approach,
each test was used individually to build and select an optimal NN through cross-validation. It
was found that the created networks, whilst showing a correct general performance, they
were being confused by the very variable inputs’ outline. These inputs included many spark
feature fluctuations due to tool disengagements and flaking events. Therefore, to overcome
this issue, a new input named spark event was introduced. This new input was created by
processing the spark features’ data information so that disengagements and flaking events
could be identified and used to extend the inputs’ dimensional distribution. Through this
spark event input, it was possible to improve the individual tests networks’ accuracy by a

90%.

The second approach, on the other hand, included all the data points from all the 17 tests of
the third set of experiments. The data points were randomly sorted between the cross-
validation data sets, and the resulting testing accuracy using the original 6 inputs was
compared to the testing accuracy of the inclusion of the spark event input. The results
showed that the neural networks appeared to be delivering a general adequate
performance, and again the NN’s accuracy was improved by around 77% in the second

instance, proving that this input was successfully improving the networks.

The final approach consisted in using the entire data points of the tests, dividing them into
the cross-validation data sets using the orthogonal designs of the DOE. Furthermore, the
spark event input was directly included and an optimal NN was selected through the cross-

validation. However, the final performance of this NN was less accurate than the previous
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two steps, as the final testing error was higher. However, this lower accuracy was mainly
caused by the low number of tests and data points during the training of the NN. The selected
DOE had, at first glance, the apparent capability of providing an appropriate range of
combinations for training, enabling the desired interpolation of data points. Nevertheless,
the number of examples obtained through the DOE was not enough, and at the validation

and testing steps, the NN was forced to extrapolate.

Yet, the final NN’s prediction trend was quite close to the target’s outline, and the final value
of error was quite low, considering all the difficulties previously mentioned. Therefore, it
could be argued that if the number of test examples was extended to a suitable amount, and
the illumination and disengagements difficulties were also tackled, a much more accurate

model of tool wear prediction could be achieved.
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8 GENERAL DISCUSSION AND CONCLUSIONS

Even though there were some discussion and conclusions included in each chapter of this
thesis, this chapter will gather all these and provide some insights into the author’s views on

the different findings.

8.1 Conclusions

This research was based around the six main objectives presented in section 1.2. Therefore,

this section will include the conclusions drawn against each one of these objectives.

1. The first objective consisted on reviewing the literature available on Tool Condition
Monitoring (TCM), with a special focus on the research involving vision-based
systems. Section 2.2 included this literature review on TCM, with a section (2.2.1)
dedicated to vision TCM systems. In these sections, the foundations and main
theoretical bases of TCM were described, along with a summary and critical analysis
of the different literature on vision-based systems. There, the importance of TCM in
the machining industry was laid out, showing that there is plenty of research work
on this area and on the different techniques to monitor tool wear. It was concluded
that vision-systems of TCM constitute a relevant area of research, but that it has a
much lesser development when compared to other systems and techniques.
However, an important conclusion that could be drawn from these sections is that
there is a strong increase in the use of pattern recognition and machine learning
techniques in TCM.

2. The second objective was to carry out experimental tests to collect machining cutting
sparks and tool wear data. Therefore, chapter 3 included the common methodology
of the research, describing the different experiments carried out for each chapter’s
objectives, with the general aim to support the final conclusions. This was evidenced
in the evolving nature of the experiment, as the conclusions found in each set helped
in planning the subsequent ones. Therefore, in the first experiments, where the
author had little control on the apparatus set-up and test planning, the image
acquisition approach was quite simplistic, acquiring still pictures at a much-extended
sample rate. Next, the second set of experiments attempted to overcome this by
increasing the sample rate of image acquisition. Finally, the third set of experiments
took all the conclusions from these two initial tests, to create a final set of
experiments. This final set of experiments attempted to avoid too many time

consuming and highly costly tests by using a DOE with orthogonal designs. It would
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have been beneficial to have a higher number of tests, as the unpredictable nature
of ceramic wear was corroborated by this research. However, a larger DOE such as a
factorial design would have required a large quantity of materials and long machine
times, as well as a massive, and perhaps difficult to store, amounts of data. Similarly,
it would have been interesting to have acquired a parallel set of data such as acoustic
emissions or cutting forces, as these have been used to evaluate wear data in the
past, as described in the chapter 2. This could have made possible to expand this
study into a mixed monitoring model. Nevertheless, this would have required more
time to simultaneously process those factors, creating other challenges and
impacting on the storage of data.

3. The third objective consisted on assessing the wear of SiAION inserts and to analyse
and select the appropriate wear measuring technique to be used in the present
research. Chapter 4 included the wear measuring techniques used to collect flank
wear and crater wear area data. A stereo vision approach to measure wear volume
was attempted, and whilst unsuccessful, it provided interesting conclusions. The
concept of using regular cameras with a stereo vision analysis could potentially
provide a low-cost and in-situ wear assessing technique. However, the capabilities
of the system used in the present research were limited and perhaps additional
resources and technologies could have aided. At present, there are low-cost and
highly accessible systems and technologies that would be worth exploring for this
purpose, such as the Microsoft’s Kinect or Digital Image Correlation (DIC) techniques.
Nevertheless, the low accuracy of these types of systems is a continuously
challenging issue, as the dimensions of tool wear are quite small. Therefore, further
work in that area could be beneficial to find a way to improve these systems’
accuracy or to potentially create a bespoke system using similar technology.
Regarding the wear assessment of cutting tools, chapter 4 provided evidence that
lower levels of total tool wear were found with the highest cutting speeds and with
the lowest cutting depths. A comparison with the literature found on SiAION wear
by Tian et al. (2013b), Zheng et al. (2016) and Renz et al. (2015) was included, finding
common and contrasting conclusions. Compared with the first author, the severity
of crater wear was found to be more closely related to cutting depth instead of
cutting speed. Regarding flank wear, that source found that flank wear was more
severe at higher speeds, whilst the current research’s findings were closer to the

conclusions presented by Zheng et al. (2016) who also found higher flank wear
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severity at low speeds. Furthermore, a correlation between Renz et al. (2015) and
their “tribolayers” was found when compared with the research’s wear assessment
conclusions. These conclusions were that there appears to be a window of optimal
parameters for SIAION cutting tools machining nickel-based super alloys. It is
believed that the composition and general brittleness of these ceramics may require
certain cutting parameters to achieve specific temperatures and contact conditions
to successfully cut the material with a low tool wear. This may be the cause of the
increased wear results with higher cutting depths and radial immersions, as the
contact area was higher between the tool and the workpiece. However, the main
findings of the wear assessment section were the ones related to the flaking and
chipping effect found in crater wear. It was identified that this mechanism had a very
particular and relevant development, which was furtherly explored and used in
chapter 7.

The fourth objective consisted on evaluating and selecting the optimal image
acquisition systems and parameters for the application described in this research. To
carry out this analysis, chapter 5 used the first two experiments described in sections
3.3.1 and 3.3.2. The first experiments included datasets from fast, medium and slow
image acquisition speeds. After extracting and analysing intensity as a spark
descriptor, it was shown and concluded that slow speed images delivered the most
suitable representation of the spark for this research. Slow acquisition settings
captured a more solid and consistent spark, which displayed a clearer evolution.
Faster speeds, on the other side, tended to capture instantaneous conditions of the
spark, which created a more randomised spark evolution. However, the low sample
rate used in the first tests was identified to be limiting the overall vision of the spark
behaviour evolution. In the second experiments, a video feed was captured using a
high-speed camera to tackle the first tests’ limitation and to be able to test a wider
spectrum of possible sample rates or acquisition speeds. Through those tests, the
processing of very high sample rates proved again that these were not suitable. On
the other hand, an image combination algorithm was implemented to emulate low
speeds, which delivered more flexible, richer and adequate results. Therefore, it was
concluded that a continuous image acquisition system consisting of a video feed was
better than using still pictures. Furthermore, the use of lower sample rates was
found to be more adequate, whilst the introduction of an image combination task

successfully emulated the longer exposure found in slow image acquisition settings.
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There, a video feed with an SLR camera was used, to have a rich data set with high
levels of acquisition control. Also, the image combination was implemented to
process the video frames, emulating the slow settings, as the combinations were
made according to the video framerate. A combination of all the 50 frames in a
second of video was selected, which was found to deliver excellent results, as the
tool speed was considerably faster at around 5000 rpm.

5. The fifth objective, regarding the evaluation and confirmation of a spark-tool wear
relationship, was undertaken in chapter 6, using again the first and second
experiments. Through the results obtained by processing the spark area and
intensity evolution in the first tests, it was possible to find a very close qualitative
correlation with wear. Both trends appeared to be increasing through time, with a
similar slope. However, the low sample rate used in the first tests delivered low-
resolution approach for closer assessment. Therefore, the second experiments,
provided a more detailed level of information, which showed the existence of a
phenomenon described in this research as “flaking events”. These events consisted
of aloss of material from the cutting tool’s rake face that created a dramatic increase
in crater wear and mass loss whilst showing a sudden drop in spark evolution. This
flaking effect appeared to be creating a newly sharpened edge of the cutting tool,
lowering the spark evolution, but weakening the insert. Even though flank and notch
wear mechanisms created poorer surface finish and accuracy, they did not seemed
to be weakening the ceramic inserts as much as the crater wear. Therefore, crater
wear, along with its flaking mechanisms, was found to be the main mechanisms of
tool failure. Consequently, when the spark area and intensity descriptors were
compared to crater wear and mass loss, again a close qualitative correlation was
found. These flaking events were visibly identifiable in the spark evolution trend, and
they successfully described some of the spark feature changes found throughout a
machining operation. Thus, it was concluded that both tests successfully confirmed
the research hypothesis, finding evidence of a spark — tool wear relationship.

6. Finally, the sixth objective included the implementation of a machine learning
algorithm to predict tool life. Chapter 7 included the use of neural networks to
attempt to predict tool wear values, given certain spark information and machining
parameters. Three approaches were used to understand and test the accuracy of the
created neural networks. The first approach consisted of randomly dividing data

points from each test into training, validation and testing data sets; generating and
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selecting a neural network per test. The second approach consisted of the same
random distribution of data points, but from all the tests into a single neural
network. Finally, the third approach divided entire tests sets into the cross-validation
data sets to create a single neural network, fed with completely new data at the
testing phase. The general performance of the networks in all these approaches
showed that the selected toolbox and algorithms were performing successfully.
However, in the first approach it was found that the NN was attempting to map two
different output values of wear to recurrent similar spark input values; this was
because the spark area and intensity were constantly reduced during tool
disengagements and flaking mechanisms. Therefore, the implementation of a new
input denominated spark event was successful in mitigating this problem. The
improvement in accuracy was quite considerable in the first and second approach.
The final approach, however, had a more demanding set-up, as the NN was
presented with completely unseen tests at the validation and testing sections of the
cross-validation. In that final step, the testing error was noticeably higher than in the
previous approaches, yet there were specific reasons for that lower NN accuracy.
The DOE was used to divide the tests into the cross-validation data sets, relying on
its property of generating a good coverage of data. Nevertheless, the performance
of the NN suggested that the tests included very isolated conditions of machining
parameters that did not manage to provide enough input information to the NN.
Therefore, the NN was forced to perform extrapolation with both, the validation and
testing data sets. It was mentioned in chapter 7 that neural networks are capable of
interpolation if the training data has a good coverage of the input data points. This
is the reason for the successful performance of networks in the first and second
approaches, as the interpolation was done inside the cloud of data points.
Regardless, the final NN achieved a quite low level of error considering these
limitations, and the general trends of the predicted and target values were quite
similar.

Therefore, in the author’s opinion and considering the data acquired, the experience
at experimental testing and the analysis of the behaviour of the network, it is
believed that with further work, a successful system could indeed be achieved. To
accomplish this, more testing would definitively be necessary to get a wider range of
examples for the training of the NN. Perhaps another type of DOE would be

beneficial to get more combinations of testing examples, and in the author’s opinion,
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repeated tests of similar machining properties would be useful to better understand

the ceramic’s wear behaviour and to test the NN capabilities.

It can be concluded that the novelty of this research resides mainly in the use of an
unconventional machining signal output, such as the cutting sparks, to monitor a cutting
process. This could lead to an industrial uptake in the use of image processing and computer
vision to analyse different manufacturing process, using visual information and conditions
that may have been overlooked before. Furthermore, in the case of the spark-tool wear
technology, future advancement in TRL could generate an uptake in its implementation and

use in all the machining process where it may be applicable.

In the research side of this work, a publication could be generated to present the research
hypothesis and the conclusions shown in chapter 6. Another publication could include the
selection of the image acquisition systems and parameters. And a third publication could
include the predictive algorithms described in chapter 7, which show the capabilities of this

technology and the need of further research.

8.2 Contributions

The main contribution that this research attempted to provide was the basis of a spark — tool
wear relationship for high-speed machining of nickel-based super alloys, using SiAION cutting
tools. In the previous chapters, evidence of this hypothesis was presented, and the existence
of such a relationship was proved. This relationship is the pillar of the proposed Tool
Condition Monitoring (TCM) system that could potentially perform a live assessment of tool

wear.

Inside the mentioned main contribution, several aspects of this TCM system were
established for possible further work. This was the case of the optimal image acquisition
systems and parameters, where it was concluded that a video feed and an image
combination algorithm as an emulator of slow acquisition settings, where the optimal
options for this approach. Similarly, the main variables that were important to assess the
evolution of cutting sparks and its relationship with tool wear were established. The spark
area and intensity extraction approaches were successful in providing a constant sensing of
spark evolution, whilst the flank, notch and crater wear mechanisms were found to be the
most relevant for comparison. And finally, the approach on tool wear prediction using neural
networks provided a good idea of the type of challenges and capabilities of this pattern
recognition method could encounter in this approach. Most importantly could be the

challenge found regarding the confusing behaviour for the NN of the spark inputs, and the
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suggested solution of an event counter, which enables the expansion of the input

dimensional array.

Parallel to these, other general contributions were made around the present research. One
of them was regarding wear measurement of cutting tools, where a model of crater wear
area was described. Other researchers have developed similar wear measurement
techniques through tool imaging, however, the one presented in this research was in the
author’s opinion, more simplistic and quite accurate. Additionally, the wear assessment of
cutting tools using stereo vision was a novel approach that, whilst unsuccessful in the present
research, could be furtherly explored to create a low-cost and effective in-situ tool measuring
technique. Another parallel contribution was made regarding the results and conclusions of
the wear assessment of SiAION materials, where interesting results were found and
contrasted to the limited existing literature. This assessment could have an important input
to the area of tool wear assessment of SiIAION ceramics, as it is the author’s opinion that
more research on this area is required, as these materials are widely used. Yet, the main
contribution of this assessment would be related to the found relationship between tool
flaking events, crater wear and the microcracks. Even though a detailed analysis of the
microcracks was not carried out, their existence and relationship with the other two could
be crucial to potentially unify a tool failure model. Furthermore, these findings led to the
novel implementation of the spark event detector at the NN, which had a huge effect on the
results obtained. This spark event detector was used to detect flaking events, providing the
networks with a dimensional expanding solution, given the behaviour of spark evolution in
these machining operations. This solution consequently led to a significantly improved

accuracy in the networks created.

8.3 Further Research Implications

It is believed that this research has plenty of further research, as there is much potential in
this type of vision-based TCM systems. Therefore, it would be important to carry out more
tests, building a new DOE that perhaps includes more levels of machining parameters,
allowing a larger orthogonal design. As mentioned earlier, considering the time and material
required for the tests carried out in this research, a full factorial design is believed to be too
time-consuming. However, it would be desirable to have some repeated tests with the same
parameters. This is something that has been mentioned earlier, and it would have helped
greatly in understanding the complexity of the ceramic tool’s wear, aiding in finding out how

unpredictable their wear can really be.
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Furthermore, testing with other materials and different machining paths would be important
for further research. In the present study, it was shown that in dry machining operations (no
coolant), the cutting sparks can give a good relationship with tool wear. In this research, only
Waspalloy and Inconel 718 materials were used, and the former was only used in the initial
experiment in the author’s previous degree. Therefore, this material could be an example of
a material for future research, as it was proven in the initial experiments that cutting sparks
were very visible and later in section 6.2, that these can be related to tool wear. Therefore,
if there are more materials and cutting tools that are commonly used with dry machining,
and where cutting sparks are visible, they would definitively be worth exploring. In the case
of the cutting tools, there are other ceramic materials that could be interesting for further
research, and that perhaps have less complex wear mechanisms. Also, it would have been
desirable to carry out tests with all the inserts mounted in the cutting tool. A number of these
tests could be very interesting to continue to test the capabilities of the neural networks.
Therefore, a full study of how the use of all tools change the results shown in this research
would be quite relevant, and perhaps compare them with other tools that can hold a larger

number of inserts.

Regarding the flank and notch wear measurement used in section 4.1.1, it would be
beneficial to find a more automated way to perform this task. It was mentioned in that
section that this task ended up taking considerably more time than was expected, given the
number of inserts to measure, and the fact that it was done manually. Therefore, considering
the many image processing capabilities of MATLAB and other pieces of software, it should

certainly be possible to build a better and faster way of doing this.

Additionally, in that same chapter, the stereo vision approach was described, and the
unsuccessful results explained. However, as mentioned previously, this approach has very
good potential, if more factors can be added; as the concept of having a system that could
give an accurate in-situ direct wear measurement would be quite beneficial. At present, the
capabilities of computer vision algorithms for image descriptor recognition, largely used in
face recognition systems, could be coupled with a parallel technique to map surface
topography. There are systems in the market such as the Microsoft’s Kinect, which uses a
projected array of infrared points and an infrared camera to compute the depth of a scene.
Similarly, other 3D scanners on the market use laser beams to do this scene depth mapping.
These scanners are quite expensive devices, but the principles they use are well known.

Therefore, with the continuous improvement of image processing techniques and image
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acquisition capabilities, it is believed that the design of a system like this for tool wear

measurement could be a strong possibility.

The objective of chapter 5 was to present a final analysis and selection of the optimal image
acquisition systems and parameters for this research. During that analysis, it was considered
that cameras can vary in the type of acquisition sensor that they possess, e.g. CCD or CMOS;
and that the mechanism of image acquisition, power management, analogue to digital
conversion, and other processes can vary. However, even between cameras with similar
hardware, the performance of the internal image processors can change. For instance,
between SLR cameras, such as the one used in this research, the performance of the ISO
parameter, white balance, noise reduction, and so on can different between brands.
Therefore, further work could be beneficial to understand the variability that another

acquisition system could generate in the results presented.

The absence of literature on spark formation mentioned in section 2.5 also suggested future
work in that area. A characterisation and analysis of the sparks generated in the described
machining operations would be key to support the hypothesis of this research. The
experience extracted from the present work suggests that the spark formation phenomenon
can be quite stochastic, which could impact in the repeatability of the testing carried out.
Therefore, exploring spark formation could greatly impact in the robustness of the

parameters used in this work, as well as any other parameters used in future testing

The general relationship between spark evolution and tool wear was proved in this research.
Therefore, a deeper analysis of this relationship would be important, and where the “flaking
event” phenomenon could be further explored. It would be interesting to find other ways to
correlate this flaking event behaviour in the spark with tool wear. In the present research,
the “spark event” input feature was added to the neural networks to improve their accuracy
and solve some of the NN limitations. Yet, this spark event identifier could be key to further
research on these TCM systems. Perhaps a simpler approach, where a number of these
events is taken as a threshold of tool wear could be implemented. Alternatively, perhaps
there is a way to quantify these flaking events to understand their magnitude and judge the
tool condition through this. Still, this feature was beneficial for the NN performance, and

therefore, more research would be required in more tests.

There is definitively much further research regarding the prediction of tool wear with the NN
approach. There were some parameters and factors mentioned in section 7.3 that were fixed

for all the tests, such as the hyperparameter of weight-decay and the number of training
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cycles. In the present research, the timeframe limited the possibility of exploring them, and
hence, it would be worth exploring their impact on the results, possibly carrying out a cross-
validation to select them. Furthermore, as was mentioned towards the end of that chapter,
the lower accuracy of the final approach was related to the low number of input examples,
which led to an extrapolation task for the NN. Therefore, it would be very important to carry
out further testing, so that a wider range of machining conditions can be included during the

network’s training.

Finally, it would be worth exploring other methods or perhaps combinations of methods of
pattern recognition. Even though the NN approach was selected given their high levels of
effectiveness, perhaps other methods could treat the confusing effect of the input’s outline
in a different way. Still, the mentioned further work with NN alone could be quite extended,
possibly arriving at an accurate and robust NN, capable of TCM through prediction of tool

wear.

8.4 Further Implementation Implications
In the case that the proposed system of TCM was implemented in a realistic scenario, some
further implications would be relevant to consider, given the experience and conclusions

found by the author throughout this research.

One of these implications would be the situation regarding general lighting conditions. It was
described in this research that the initial experiments had somewhat constant lighting
conditions, but that the last experiments suffered from a workshop relocation that changed
this. Even though there was a methodology revision in section 7.1 to overcome this variation,
the general variance of spark feature outline in all tests showed a small noisy fluctuation all
the time, regardless of the disengagements and flaking events. This noise may be caused by
differences in lighting conditions, and in an industrial scenario, it would be quite expected
that lighting conditions may be quite variable. Therefore, this general issue should be further
explored to arrive, if necessary, at a more robust method, where this variable has a lower

impact.

Furthermore, if a TCM system was implemented as a support system of CNC machine, it
would require interaction from the user, so that some inputs can be introduced. In the case
of the NN described in chapter 7, these inputs would be the machining parameters. As
mentioned previously, the initial approach of individual tests’ networks was quite successful,
therefore, perhaps in this user interaction, the selection of the required NN could also be a

factor.

146



Also, considering the different algorithm implementations carried out in this research for
image processing, it would be expected that a fully functional TCM would require some initial
time to auto-adjust. The different colour enhancement and binarization steps described in
this work would probably require being adaptive to the lighting conditions, camera
orientation and focal parameters. Therefore, it would be important to assure that the camera
has a good and constant view of the spark and that the lighting conditions are considered by

the system.

Finally, and as mentioned in the initial section of this chapter, such a system would still
require a constant human interaction, as the complexity of the ceramics’ wear is still an
important factor. Furthermore, the working conditions of such a system could include plenty
of signal noise, possible machine vibrations and even high or low-temperature conditions.
These factors could be important in the general accuracy and robustness of this system, and
the human criteria would be beneficial as a parallel condition monitor. Moreover, in the
author’s opinion, it is believed that an online approach, where the TCM system could
communicate directly with the machine, appears not to be achievable with the current
results. However, with further work and testing, this may become a possibility. In such a case,
the TCM system could communicate with the CNC sequence and automatically decide tool

changes and perhaps, even tool paths to improve tool life.

Therefore, this vision-based TCM has plenty of future work, that combined with the findings
presented in the present research, could become an essential system for the machining

industry.
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APPENDIX | — CNC PROGRAMMES FOR EXPERIMENTS

CNC programme for machining of square shape for tests:

G17

G90

G71

T="CERAMIC INSERT" M6

G55 55000 M3

GO X-110.892 Y-105.013

Z5

Z-0.5

G1G94 Z-1.5 F100

X-110.167 Y-104.288 F750

X-110.542 Y-103.752

X-111.046 Y-102.974
X-111.632Y-101.974

G2 X-113.054 Y-98.975 121.968 J12.248
G1 X-113.429 Y-97.975
X-113.749Y-96.976

G2 X-114.452 Y-93.976 126.743 J7.851
X-114.803 Y-89.977 126.955 J4.383
G1Y89.977

G2 X-114.6 Y92.977 129.781 J-0.51
G1X-114.452 Y93.976

G2 X-113.749Y96.976 127.446 J-4.851
G1 X-113.429Y97.975

G2 X-112.64 Y99.975 129.96 J-10.666
G1X-112.163 Y100.975

X-111.972 Y101.354
X-111.632Y101.974

X-111.046 Y102.974

X-110.607 Y103.654
X-110.18Y104.274

X-110.905 Y104.999

GO0 Z5

X-110.889 Y-105.028

Z-2

G1Z-3 F100

X-110.163 Y-104.303 F750

G2 X-111.05Y-102.974 122.025 J15.654

CNC programme for tests:

G17

G90

G71

T="CERAMIC INSERT" M6
G55 55411 M3

GO X-74.7 Y125

Z0
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BEGIN: G1Y-125 F595
GO Z50 MO

Y125 M3

G91 X40.05

END: G90 Z0

REPEAT BEGIN END P=3
G0 Z200

TRAFOOF

ROT

TRANS

M30
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APPENDIX Il — CRATER WEAR AREA ALGORITHM

APPENDIX Il — CRATER WEAR AREA ALGORITHM

18/068/17 : 1 of 3

[

2 clearwvars,

3 prompt = "Humber

4 HumFotos = input (pr

5 MaxBreamm = cast([], "doukle');

& for i = l:KumFotos

T close all;

g prompt = "What is the number in the inserts file name? (e.g. for ImageZ05._jpg,
rite = Z05 '

filename = sprintf('Image%*0ld.jpg’
Insert = imread{filename);

Icrop = imcrop (Insert);

, HumInserts);

figure;

N L

Izextract = imcrop(Icrop);

15 B = Iextracti(:,:,Ll};
lg Z = Iextracti(:,:,2};
17 B = Iextracti(:,:,3};
18

] Pmaxmean = mean (max(R));
0 Gmaxmean = mean(max(G));
1 Bmaxmean = mean (max(B));
3 Emirmmean = meanimin{R));
4 Cmirmmean = meanimin{z));

Bmirmmean = meanimin{B));

Blowin = Pminmsan/255;
Flowin = Gminmsan/255;
Blowin = Bminmsan/255;
Phighin = Emammean/Z55;
Ghighin Gmaxmean/Z55;
Bhighin = Bmamean/Z55;

ECI S T I T T I N

PR R I

3 G Lo G
CoR R B e
L'

BdjI = imadjust(Icrop, [Rlowin Glowin Blowin; Bhighin Ghighin Bhighin], [1);
figure;

imshow (BA3T) ;

thresh = 0.05;

(IR R
o= dy i

step = 0.05;

figure;

a0 for k= 1:18

41 bwlewvel = thresh;

4z Bwl = imZbw (BRdiI, bwlevel);
3 subplot {3, 6, k) ;

44 imshow (BWI) ;

45 title(thresh);

€23
15}

48 thresh = thresh + step;

47 end

4z rasponse = input{"Were ths
vy

4% if stromp(response, 'Y')

50 prompt = 'What was ths

51 bwlevel = input {prompt);
52 BwI = im2bw (BAdiI, bwlewvel);
53 BwII = imcomplement (BwWI);
54 figure;
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13/09/17 12:49% D:\MATLRAB“Main Te...‘.Insert Crater Wear.m 2 of 3

imshow (BWIL) ;

BWZ = imfill {(BwII, "holes');
figure;

imshow (BHZ) ;

=1 &y

BWareas = bwarsacpsn (BWZ, E50);
CC = bwoonncomp (EWareas, 4)
CC . Humlbjects;
ImageData = regionprops{CC, 'basic");
Arzas = [ImagsDlata. Rrsaz];
(Maxhrea, idx] = max(kreas);
Wear = false(size (BWI));
Wear (OC.Dixelldxlist{idx}) = trus;
figure;
imshow (Wear) ;
figure;
Imsasure = imcrop(Insert);
g

Lo I L R e e LY R e ]

=1 @y i

Widthpix = size [Imeasure, Z);

Widthmm = 12 _54/Widthpix;

Areapix = Widchmm*Widchmm;

MaxRhreamm (i) = MaxRrea*Rreapix;
zlsze

M= L 3 Do

=1 &y

while stromp{response, 'H')
close figure Z; close figure 3; close figure 4;
figure;
Iextract = imcrop(Icrop);

e T B B B e I e e I I ST S S S s T S T s S S 4 N L B L B ) By )

mom
oo

B = Iemtract(:,:,Lll;
s Z = Iemtracti(:,:,2);
e B = Iemtracti(:,:,3);
B4
=1 Fmaxmean = mean (max (R));
ge Cmaxmean = mean (max (3]

T Emaxmean = mean (max (B));
88

= Pminmean = mean(min{R));
o Gminmean = mean(min{&));
1 Bminmean = mean(min{B));
2

3 Rlowin = Eminmean/255;

4 Glowin = Gminmean/255;

= Blowin = Bminmean/255;
-1 Phighin = Emaxmean/255;
7 Ghighin = Gmammean/255;

Bhighin = Bmammean/255;

AdiI = imadjust(Icrop, [Rlowin Glowin Blowin; Bhighin Chighin Bhighinl, ¢

figure;
imshow (Bd3iT) ;

L T Y Y L I N N I I sl Y e ]

thresh = 0.05;

(Lo LI I e = VS I ]

step = 0.05;
figure;
for k = 1:18
bwlewel = thresh;
Bwl = im2bw (BAdiI, bwlevel);

i i e i i e i
[ ==
<1 &y

-
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APPENDIX Il — CRATER WEAR AREA ALGORITHM

18/09/17 12:4% D:\MATLZB'\Main Te...‘Insert Crater Wear.m

109 subplot {3, &, k) ;

110 imshow (BwI) ;

111 title (thresh);

112 thresh = thresh + step;

=1 @y

BwI = im2bw(BdiI, bwlevel);
BwIl = imcomplement (BwI);
figure;

imshow (BWII) ;7

BWZ = imfill {(BwII, "holes');
figure;

imshow (BHZ) ;

[T I ES R S e Y 1 ]

BWareas = bwarsaopsn (BWZ, E0);
CC = bowoonnoomp (EWareas, 4);
CC _Numlbjects;
Imagelata = regi

=1 @y

onprops (CC, 'basic'};

el el el il ol ot el ol el el el el el

[ I S R S ER I S I I

wom

= Bram] -
ta.areal;

130

132 Im=asure = imcrop{Inssrt);
133 close figu 3
134 Widthpix = size ({Ime=asure,Z);
135 Widthmm = 12 _54/Widthpi:x;

13e Areapix = Widchmm*Widchmm;

137 Maxbreamm (i) = MaxBrea*Rreapix;
138 end

e by

it (MaxRreamm) ;
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APPENDIX [l = STEREO VISION ALGORITHM FOR 3D
RECONSTRUCTION.

18/09/17 13:03 D:\MATLRAB\Stereo...“Sterec Visicn Testd.m 1 of 2

clearvars; cleo; close all;

F_.

Full Ste y findings,
MATLREE'"s lacing lines

ot ot o

)
ol
g
ws b
(=]

S I LT 4 Y SE L B I B

numInagePairs = 38 ;

allimagesleft = cascti[],
allimagesright= casti[l,
10 for i = l:numImagePairs
11 filename = sprintf('IMG_%04d.JFG", i);

oo

12 im = imread(filsname) ;
13 allimagesleft(z, -,
14 filename = sprintf/|

imadijust (rgbZgrav({imcrop (im, [0 0 25%2 2912]1)));

! 12d.jpg’, 1i):

15 imwrice (allimageslefci(:, :, :, i}, filenams};

le allimagesright({:, :, :, i} = imadjust(rgbZgrayv{imcrop(im, [2Z553 0 2592«
291213} );

17 filename = sprintf('right%02d.jpg", il;

18 imwrice (allimagesright{:, :, :, i), fil=name);

1% end

21 % Try to detect the checherboard

22 [imagePoints, boardSize, pairsUsed] = detectCheckerboardPoints (allimageslefs, ¥

25 k = find{pairslUsed);
2e figure;

27 subplotcil,2,1);

28 imshow (allimageslefc(:, =, :,k(l)}, "InitialMagnification', 30);
29 hold on;

30 plot(imagePoints{:, 1, 1, 1)}, imagePoints(:, 2, 1, L1}, "*-g"};
31 subplotcil,2,2);

32 imshow (allimagesright{:, :, :,k(l}),
33 hold on;

34 plot(imagePoints{:, 1, 1, 2}, imagePoints|

", [D 0.9 1 0.1], 'S ! ] ful C kerkoard Detsction', ¥

35 annotation('texthk

r

'Edgelolor', 'nons', 'HorizontalBlignment
36
37
38 %
3% sguarefiz
40 worldPoints = generateChecksrboardPoints (boardSize, sguarefize);
41

42 % Compute the sSTersc Camsra par

2 = 3; % millimsters

44

45 % Evaluate calibration acc
* sterscParams and world

4 % Faram n dF

47 % from this point onwards.

48

459 figure;

50 showBeprojectionErrors (stersoParams) ;
51

52 Il = imread('laft3Brgbk.png');
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APPENDIX 11l — STEREO VISION ALGORITHM FOR 3D RECONSTRUCTION.

18/09/17 132:03 D:\MATLLZB\Stereo...\Stersc Visicn Testd.m

o oinoin o
“d T O b G

oy

SR R N T = e ]

2 imshow (disparicyMap, disparityRange,

! poshow (point3Ddisp, J1, 'VerticalRxis

[J1, J2] = rectifyStersolmages (I1, I2, stersoParams, 'CutputView

lay the images before recti

figure;
imshow (stersochnaglyph

title("Before Bectification'});

% Display the images after rectificati

figure;
imshow (sterechnaglyph {J1, J2}
title ("Riter RBectification');
dispari = [-32, 3Z28]1;
disparityMap = disparity{rgbZgray (JLl},
iguenessTl
dispar
figure;

2shold', 2, 'BlockSize

cyRanges) ;

colormap ("jet');
colorbar;

title("'Disparicy Map

o'l
point3D = reconstructScene (disparityMap, sterecParams);

z = point3D(:,
maxi = 380;

I, 3)i

minZ = 340;

zdisp = z;

zdisp(z < minZ | = > maxZ)} = MalN;
point3Ddisp = point3D;
point3Ddispi(:, :,3) = =zdisp;
figure

xlabel (X"
vlabel ('Y
zlabel ("Z");
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InitialMagnification', 30);
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35
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~

Test 1-VBmax & VBN vs Mass Loss

Run Number

—@\/Brnax =—@=\BN = Mass LOsS

Test 4 - VBmax & VBN vs Mass Loss

Run Number

- BMax == VBN = Mass LOSS

Test 6 - VBmax & VBN vs Mass Loss

Run Number

e \/BiMax sl VBN s Mass LOss

APPENDIX IV — INDIVIDUAL TESTS’ TOOL WEAR RESULTS
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APPENDIX IV — INDIVIDUAL TESTS’ TOOL WEAR RESULTS

grams

Test 7 - VBmax & VBN vs Mass Loss Test 8 - VBmax & VBN vs Mass Loss
4 4
0.013 0.013
35 35
3 o011 3 0.011
25 0.009 25 0.009
2 0.007 2 0.007
15 ooos 15 0.005
E £ £
o003 E E 0,003
05 05
0.001 0.001
o ]
0.001 © 1 2 3 4 5 6 7 & 9 10 11 -0001
-0.5 -0.5
a 0,003 B 0.003
15 -0.005 a5 -0.005
2 -0.007 2 -0.007
Run Number Run Number
—8—\Bmax —8—VBN —#—MassLoss —8—VBmax —8—VBN —8—Mass Loss
Test 10 - VBmax & VBN vs Mass Loss Test 9 - VBmax & VBN vs Mass Loss
4 4
0.013 0013
35 35
3 0011 3 0011
25 0.009 25 0.009
2 0.007 2 0,007
L5 0oos 15 0.005
g 1 -
o003 § 0,003
05 05
0.001 0.001
] 0
o 1 2 3 4 5 6 7 8 9 10 11 -0001 © 1 2 3 a4 5 & 7 & 9 10 11 -0.001
-0.5 -0.5
4 0.003 o 0,003
15 -0.005 15 -0.005
-2 0.007 2 0.007
Run Number Run Number
=8 VBMax === VEN == Mass Loss =@=VBmax =#=VBN ==Mass Loss
Test 11 - VBmax & VBN vs Mass Loss Test 12 - VBmax & VBN vs Mass Loss
4 4
0.013 0.013
35 35
3 o011 3 0.011
25 0.009 25 0.009
2 0.007 2 0.007
15 0oos 15 0.005
E E E
£ ! o003 § e ! 0,003
05 05
0.001 0,001
o 0
0.001 0.001
05 -0.5
o 0.003 o 0.003
15 -0.005 15 -0.005
-2 0.007 -2 -0.007
Run Number Run Number
—e—\Bmax —#—VBN —@—MassLoss —8—VBmax —#—VBN —8—Mass Loss
Test 13 - VBmax & VBN vs Mass Loss Test 14 - VBmax & VBN vs Mass Loss
4 4
0.013 0013
35 s
3 o011 3 0011
25 0.009 25 0,009
2 0.007 2 0,007
15 0005 15 0,005
E 1 : O E
0003 0,003
05 05
0.001 0.001
] 0
o 1 2 3 4 5 & 7 8 9 10 11 -0001 o 1 2 3 4 5 6 7 8 5 10 11 -0001
a5 05
4 0.003 " 0,003
15 -0.005 15 -0.005
2 -0.007 2 0,007
Run Number Run Number
@ \/Brnax el=VBN el Mass LosS o /BT BN e ass LOSS

164

grams

grams

grams



35

25

mm
-

Test 15 - VBmax & VBN vs Mass Loss

Run Number
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Test 16 - VBmax & VBN vs Mass Loss

Run Number

e Bax VBN = Mass LOss

Test 18 - VBmax & VBN vs Mass Loss

Run Number

e\ (Bay sl VBN sl Mass Loss
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APPENDIX V — RAW AND FINAL RESULTS OF FIRST EXPERIMENTS.

APPENDIX V
EXPERIMENTS.

RAW AND FINAL RESULTS OF
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APPENDIX VI — ALGORITHM OF FIRST SET OF EXPERIMENTS

18/08/17 13:26 C...\SparklhrealkndIntensity With Inserts.m 1 of 5

clzar variablss; close all; cle;

EoIC I I

EERLERERRERERESES%Inserts Crater Wear RBrea calcualtion. $%E5%R5iesitiiissss
MamBrea (L) = 07

nsertIndex = 2;

= imread {"1T.JFG');:

djIl = imadjust (Insertl, [.03 .024 _00%; .252 _215 .1871,[1}:
ropAll = AR4jI1{310:3590,250:-530,:);

GrayChIl = rgblgray(CrophIl);

BAiGCRI]1 = imadjust (GrayCRAI1);

bwlevel = 0.6; %#Creating binary image

BWAGCRT] = imlPhw (BdjGCRT] bwlevel);

InvBRCCRI1 = imcomplement (BHRECRTIL) ;

FiltIBAGCATI]l = bwareacpen {InvBRECAI1, 50);
ConCompFIBAGCAI]L = bweoonncomp (InvBRAGCATL, 4);
ConCompFIBAGCAIL . Humlbjects;

Imagelatal = regionprops (ConCompEIBRGCATL, 'kasic');
Arzasl = [Imagelatal.frea];

Maxbreszs (Insercindex) = max(frsasl);

-1 oy i
(SR ES T S I
&1
in
[11]
1
v

.,.
7]

L S N S e |
e = LTI SR EU I S e e I VR

Maxlr sB

threa lnsertlr

R N ]

InserctIndex = 3;

Insert? = imread ("2T.JFG');

24312 = imadjust (InsertZ, [.2 .16 .121; .323 .29% .2e71,[1}:
5 Crophl? = Ad4jI2{275:390,250:550,:);
& GrayCRIZ = rgbigray (CrophI2);

o
£,

FGCAIZ = imadjust (GFrayCRAIZ);

bwlevel = 0.8; %Creating binary image

BWARGCRIZ = imPbw (RdAjGCATZ, bwlewvel);

InvBACCRIZ = imcomplement (BHRCCRIZ) ;

FiltIBAGCAIZ? = bwareacpen {InvBRECAIZ, 50);
ConCompFIBAGCAIZ = bweoonncomp (InvBAGCAIZ, 4);
ConCompFIBAGCAIZ Humlbjects;

Imagelata? = regionprops (ConCompEIBRECATZ, 'kasic');
Arzas? = [Imagelatal Rreaz];

LI TR I I R N S A

[ [
R ]

[
gy

Maxhres (InsercIndex)

(5]
=1
ol
K]

—aXCen

(SR
oo

nsertIndex = 4;

nsertd = imread ('3T.JFG");

AdjT3 = imadjust (Insert3, [.242 _218 _183; _262 _24¢ _224]1,[1):
CrophI3 = AdjI3{270:395,235:545, )

GrayCRI3 = rgblgray(Cropll3);

AdjGCRIZ = imadjust (GrayCRI3);

il
=

(LS ST S S
EoEEI I

bwlevel = 0.9; %Creating binary image
BWAGCRIZ = imlPhw (RdjGCRT3 bwlevel);
InvBACCRIZ = imcomplement {BHRCCRIZ) ;
FiltIBAGCAIZ = bwareacpen {InvBRECAII, 50);

(LT S S o
[ELIE - VR ]

4% ConCompFIBAGCAIZ = bwoonncomp (Inw3AGCAIZ, 4);

B0 ConCompFIBRGCAIS . HumCbhjects;

El ImageDatald = regionprops (ConCompEIBRGCLATI, 'kasic');
22 Rreszss3 = [Imagelatal Rrea];

53 MaxBrea (Insserclndex) = max(Rreasd);

54 % MaxBres Insertl;

-4
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APPENDIX VI

— ALGORITHM OF FIRST SET OF EXPERIMENTS

18/08/17 13:26 C...\SparkhrealkndIntensity With Inserts.m

2 of 3

1]

oo N in

S -

omm m
[V L RN E S I R

T
(e

[ay]
L

[ A

=1 &y

InsertIndex = 5;

Insertd = imread ("4T.JFG");

2diT4 = imadjust(Inserc4, [.36 .32 _3; .448 _41% _3592]
CropAI4 = AdjI4{245:3590,280:580, o)

GrayCRI4 = rgbZgray (Croplld);

BAiGCRI4 = imadjust (FrayCfAI4);

bwlevel = 0.3; %C
BWAGCAT4 = imlPbw (R4jGCATY, bwlewvel);

InvBRECRI4 = imcomplemsent (BHACCLRIL) ;
FiltIBRECRI4 = bwareacpen (InvBRAGCAI4, 50);
ConCompFIBAGCATE = bwoonnoomp (InvBRGCAT4L, 4);

eating binary image

7T ConCompFIBRAGCAT4  Humbbjects;

Imagelatad = regionprops (ConCompEFIBRGCATYS, 'khasic');
Erzasd = [ImagsDatad.hrss] ;
Maxhrea (InsertIndex) = max(

InsertIndex = &;
Inserts = imread ("ST.JFG');

EdiI5 = imadjust(InsertS, [.38 .35 .33; .448 .425 .3309]

CropAIls = R4jI a‘LaV:SEEu 222'525,:];
GrayCRIS = rgbhZgray
RAFGCRIE = m,adjt.s—
bwlevel = 0.3; %C v image
BWAGCATS = imlPhbw (Bd]j IZ-CMa bwlewvel) ;
InvBAECAIS = imcomplement (BWRGECRIS) ;
FiltTBRGECATIS = bwareacpen (InvBRECRIS, 50);

3 ConCompFIBRECRIS = bwoonnoomp (InvBRGCATILE, 4);

ConCompFIBACCATS Mumlbhbjects;
Imagelata® = regionprops (ConCompEFIBRGCARTS, 'khasic');
ArzasS = [ImageDatas.hreal;

7 Maxhrea (Insertlndex) = max (Areass);

% clearvars -except MaxBrea Insertl;

InsertIndex = 7;

Inserté = imread ("€T.JFG");:

AdjIé = imadjust{Insert6, [.36e _342 _285; _e01 .552
CropAIlé = AdjI€{210:-375,250:600,

GrayChIe =
LdjGCRIE
bwlevel = v image

BWAGCATE = imlPbw (Bd]j IZ-CAIn bwlewvel) ;

InvBRAECAIE = iImcomplemsnt {E-rmf"uAIE]

FiltIBRECRI: = bwareacpen (InvBAGCAIs, 50);
ConCompFIBAGCATE = bwoonnoomp (InvBARGCATE, 4],
ConCompFIBAGCRATE . Humlbijects;

ImageDatae = regionprops (ConCompFIBAGTATE, 'kasic');
Erzase = [Imagslatad
Maxlres (InsertIndex)

rgb2gray

® Clearwvars —eXCeptT MNaXAr
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18/08/17 13:26 C...\SparkArealkndIntensity With Inserts.m 3 of5

GrayChI7 = rgbZgray (CrophIT?);

BAFGCRIT = imadjusc (GrayCRIT);

bwlevel = 0.8; %Creating binary imags
BWARGCAI7 = im?bw (R4djGCATT, bwlevel);
InvBRGCRIT = imcomplement (BWAGCRIT);
FiltIBRGECAIT = bwareacpen (InwBRECAIT, 50);
ConCompFIBRAGCAIT = bwcoonncomp (InvBRAGCAIT, 4);
ConCompFIBRGCAIT . Mumlbijects;

ImageData? = regionprops (ConCompFIBRECATT, 'kasic');
Arzas? = [ImagsDataTl.Rreal;

MaxBrea (InsertIndex) = max(RreasT);

I I =
= LI LR SR T SR

o e e e
i il

% clearvars —sxcept MaxBres Insertl;

[ LI T e e Y S e}

InsercIndex = 5;

Insertd = imread ({"8T.JBG');

B43iI8 = imadjust(Insertd, [.208 .1%2 .1%B; .405 _36e .3371,[1);
CrophIs = A4jIS{170:380,300:610,:);

GrayCAIE = rgbZgray (CrophIf);

BAFGCAIE = imadjust (GrayCAIEZ);

bwlewvel = 0.95; %#Creating binary imags

BWRGCAIR = im?bw (RdjGCATSE, bwlevel);

132 InvwBRECAIS = imcomplement (BHRCCRIE);

133 FiltIBRECAIE = bwareacpen (InvBRGCAIS, 50);

134 ConCompFIBAGCAIES = bwcoonnoomp (InwvBAGCAIE, 4);

135 ConCompFIBRAGCAIS Mumlbjects;

138 ImageData® = regionprops (ConCompEIBRGCATH, "kasic');
137 Rressf = [Imagelatal . Rreal;

138 Maxbrea (InsercIndex) = max(Areasd);

13% % clearvars —sxcept MaxBrea Insertlndsx Insertcl;

140

[EE T S T S - S T S S A
=1 &y i

o el el = S S SR SR
[+
W0

[l

[
£
[

14] HERERESRLLRLERSRESpark Intensity and Area Extraction. $5ethissieatmissitniss
142 TotalWumImages = 53;

143 Refl = imread("IM:_0001.JFG"):
ldd m =

lds n =

cast([], "doukle
14% FinalIntensity = cast([],
150 LPF = zeros (3456, 5184) ;
151 FSize = B0;

152 LPF(1729-(FSize/2) :1725+ (F8ize/2) , 2593 (FSize/2) : 2693+ (FSize/2) )= 1;
153 RBawIntensicy{l) = 0;

154 FinalIntensity(l) =

1:

0;

15€ %Lrea Variables

57 Bawhrea = cast([], 'doukle")
528 FinalRrea = cast([], "doukls");

5% R4jRT = imadjusc(RefI, [.7 .7 .&; .3 .% _3],[1}:
€0 CGrayRRI = rghigray (R4iRI);

1l BawRrsa(l) = 0;

le2 Finalkrea(l) = J;

led for k = 2:TotallumImages
165 filename = sprintf('IME %04d.JPG', k)
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APPENDIX VI — ALGORITHM OF FIRST SET OF EXPERIMENTS

13/09/17 13:26 C...\SparklrealndIntensity With Inserts.m

4 of 5

leg
le7
1&g
leo
170
171
172
173
174
175
178
177
178
173
180
181
laz
183
lg4
185
las
1a7
188
183
190
131
192
133
134
135
13g

137

(FinalIntensity
198
133

6 EERLHELEREERRLRLERLRLEY Di

BdjSEI = imadjust (SubtzSI,[.2 .4 .&; .9 .9 _8],I[1);:
M2anhS5T = mean (BdjS5I, 3);

FourierMRSST = ffcshifc (ffcZ (MeanhS5I));
FilterFMASST = FourierMRSET *LPF;

InvfourierFFMASST = ifftZ (ifftshift (FilterFHASET) ) ;
ZosIFFMRSET = abs (InviocurierFFMRSET) ;
IntensityRIFFMASEI = sum{sum (AbsIFEMRSSI)) ;
RawIntensity (k) = IntensityRIFFMRSST;

imadjust {Image, [.7 .7 .7; .5 .% _%1,I[1);
GrayBRRI = rgbZgray(AdjAreal) ;
SubtrFRRT = imsubtract (GrayRAT, GrayRRI) ;
bwlevel = 0.04;
BwSGARI = imZbw (SubtrGAAT, bwlevel);
Imall(:, :, k-1l) = BwSGRAI;

& thresh = thresh + 0.015%;
FiltBESGRRI =
ConCompFRESGRART = bwconncomp (FiltH
ConCompFBSGART . Humlbjects;
ImageData = regionprops (ConCompFBESGRAT,
Ereas = [ImagsData.Rreal;
[Maxfparkhirea, idz] = max(Rreas);
if sizpe (Maxfparkireza) == 0
Fawhrea (k)= 0;
zlse

-

bwar=sacpen (BwSERRI, BO);
SGRRI, 4);

Bawhrsa (k) = MaxziparkRkrea;
end

if IntensityRIFFMASSI>=(RawIntensity(k-1)%0.8) && IntensityAIFFMASSI==¢

(m—-1) *0.8)

FinalIntensity(m) = IntensityRIFFMRESI;
FinalRrea(m) = Rawlhreal(k):

m=m+ 1;

end

splay

Bawtime = linspace (5, TotalMumImages*5, TotalBumImages);

FinaltimeIntensity = linspace (5, (m-1)*5 m-1};
Finaltimelrea = linspace (5, (m-1)*5,m-1};
Insertstime = linspace (0, {m—1)*5, InsertIndex);
InsertPixSize = 1Z_g/590;

InsercPixfrea = InssrcPixiizeInsercPimiize;
InsertBealMaxires = Maxhrea*InsertPixhres;

plot (Insercstime, Insertleallaxbrea, '—-* ") ;
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18/08/17 13:26 C...\SparkfreaZndIntensity With Inserts.m

o of 5

220

221 figure;

222 subplot{2,2,1);

223 plot {Rawtime, BawIntensitcy) ;s

224 ticle('Raw i n','FontS8ize', 11};
225 =label('Ti

226 ylabel ('Intensity Metric', "FontSize',10);

227 subplot{2,2,2);

228 plot{FinaltimeIntensity, FinalIntensitcy);

23 T1T
230
231
232 subplot{2,2,3);

233 plot (Bawtime, Bawlrea) ;
234 ticle('Raw Spark Rrea
235 xlabel('Tims (=)°,'F
Z3g vlabel| =z (Mumber
237 subplot{2,2,4);

238 plot{Finaltimslrea, Finallrea);

23% title('Final Spar E azion', "FontSize', 11} ;7
240 xlabel ('Tim ]
241 vlabel('
4z

243 %The command "plo
244 %another MATLAR u
245 wlabels{l}="Intensi
246 ylabels{Z}="EL {
vlabels{3}="Area

i=1"

[(Humber of pimels) ', 'FontSize", 10});

was downloaded from interent and developed by

Insercstime, InserchealManfires, viabels) ;
24% legend{hlines, 'Spark Intensitcy', "Spark Ar

2, "Locati

i
i
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APPENDIX VIl = ALGORITHM OF SECOND SET OF EXPERIMENTS

APPENDIX VIl —ALGORITHM OF SECOND SET OF EXPERIMENTS

Area Extraction with Tool Wear Values

18/08/17 13:32 D:\...\Images Combination Area Test2 VZ.m 1 of ¢

ALIZATION RMD PRE-PROCESSING SECTION®%%

the total amount of combined images.
8% CombImageMum = 1

variable wi

14

elimination.
12 BefImage = imZdouble (Reflmags); £

imags.
13 MultiImageIndex = 1;
14 MultiImage = zeros (600, 800, CombWin) ;

15
lg ®REIMRCE E END FERTURE E CTION SECTICH®:%%
17 R5Reaeesteteadsassbes bt sb4tt3TestZClPl inagestede b e et e b e adea b b aeabsadeaes

18 for Imagelum = 1:
if Imagelum <

&

_ 000", INString, ".J

gelMum] && (ImageMum <= 29)
= numZstr (ImageNum) ;

Lol L =

- pam "y

= streat ("TestZC1P1_00',INString, ".JPG'};
<= ImageMum) && {Imagelum <= 933)
INString = num?str (ImageNum) ;

- pam e

= streat {("TestZC1P1_0',INString, '.JPG"};

LW Bh R T 6 T S O I I S I S
1 @y i

[
[ ]
[}
Fh
= Hh
H
I
ot

0 <= ImageNum) && (ImageMum <= T201)
INString = num?str (ImageNum) ;

- pam

33 filename = strecat{"TestZClPl_",INString, '.JPG")};

G
P

b 3
o

3s Image = imread(filename); &heade”

im?double (Image) ; ET4
Comversion of Image to Double.

= MultiImages(:, :,MultiImageIndex]) = Imags;

38 MultiImageIndex = MultiImageIndex + 1;

35 CombImage = mean (MultiImage, 3);

an Bam = rem(ImageMum, CombWin}; #Thise

command takes the remainder of the divition of Image MNumber and the Combinationw’
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18/08/17 13:32 D:\...\Images Combination Area Test2 VZ.m 2 of &

a1 if Bem == 0 RIf

the remainder is 0, the number of combined images (CombWin) is met and can now be’
processed.

4z Imagehdj = imadjustc (ComkImage, [.15; -31); 2 Imagek’
Ldjustment to increase ilumination lewvels.

a3 ImageCrop = imcrop (Imagefdj, [30 350 770 2501):

a4 ImageBinary = imZbw (ImageCrop,Level); EImage’

¥, using threshold walus of Lewel.
45 SABImage = bwaresaopen (ImagsBinar 20) e

%¥5mall Rreas RBemoval of objects smaller than 50 pimels.

Y
R

4z ConnComp = bwoonnoomp (SAERTmags, 4);

Command to find and store Connected Components.

a7 ImageProps = regionprops (ConnComp, 'kasic');

artiss extraction of bhrea, Centroids and BoundingBoxes.
ag Imagelreas =

_EL/

o
=
B
L1

o

o
R

[ Imagel
Extraction of only Brea wvalues from image properties.
a3 (MaxImagehrea, idx] = maxImageshreas);

Selectionof Maximum Image Area and idx (index location wector) .

5D 1f size (MazImagelrea) == 0

El Areaz (CombImagelum) = 0;

g2 zlse

53 Lrez (CombImagelum) = MaxImagshrea;

=4 and

55 CombImagelum = CombImagelNum + 1; %

=
n

's
rease Combined Image Mumber by one sach time the "if" is cleared to only stored

(K]

oo onoan

oW
I—‘D\.Dm-lmg_

ined image's iIntensity valuss.
MultiImageIndex = 1;
end
end
clear ImageMum INString filename Image FirstImageInde= CombImags B Imagehd]
clear Imagefreqg LPFImagefreg LPFImageRaw LEFImags

T M
W L

EERRRRERRRRLRRLES

for Imagelum = 1:
if Imagelum 5

INString = numZstr (ImageNum) ;

filename = strcat{'TestZClPZ_000",INString, " .JEG');

im
@y
i

=1

end
if {10 == ImageMNum} && (ImageMum <= 39)
INString = numZstr (ImageNum) ;
filename = strcat{'TestiClPZ_00', IKString, ".JEPG"};

e I VIS P
oowunom

7 end

12 if (100 <= Imagellum) && (Imagelum <= 53%)

73 INString = numZstr (Imagelum) ;

74 filename = strcat{'TestZClPZ_0',INString, '.JPG");
7 and

if {1000 <= Imagelum)} && (ImageMNum <= T7201)
INString = numZstr (ImageNum) ;
filename = strcat{'TestiClFZ_", INString, '.JPE"};

end

BO Image = imread(filenams);

Bl Image = imZdouble (Images);

gz MultiImage(:, :,MultiImagelndex) = Image;

ke MultiTmageIndex = MultiTmageIndex + 1;

g4 CombImage = mean (MultiImage, 3);

-1 -1
w1 @y

-1

173



APPENDIX VIl = ALGORITHM OF SECOND SET OF EXPERIMENTS

18/08/17 13:32 ©D:\...\Images Combination Area Test2 V2.m

3 of

Bam = rem(ImagsNum, Combdin) ;
if Fem == 0

=1 &y

Imagehdj = imadjust (CombImage, [.15; .31);
ImageCrop = imcrop (Imageldj, [30 350 770 Z501);
ImageBinary = im2bw (ImageCrop, Lewvell);

oW MW
W

conversion intao using th

g0 SLBImage = bwaresaopen (ImagsBinary,

%Emall R s R 1 o bjects smaller than

31 mp = bwoonnoomp (SARTmage,

Command to find and store Connected Comp

92 = regionprops (ConnComp sic");

pro 1 of "basic" propert , Centroids and BoundingBox
93 Imagehreas = [Imagelrops.hreal;

Extraction of only Area values from image properties.

54 (HMaxImagehrea, idx] = max|[ImageRreas);
rimum Image Area and idx (index location wector) .
) 1f size (MarnImagelrssz) == 0
L] Lrea (CombImagelum) = 0;
7 zlse
Area (CombImagelium) = MaxImageRrea;

nd
CombImageNum = CombImagelum + 1;
MultiImageIndex = 1;

kl

=g LDFImageRaw LEFImags

for ImageMum = l:TotImagss
if ImageM = 9
INString = numZstr (ImageNum};

filename = streat('TestIC1P2 000", IMString,'.J
end -
if {10 == ImageNum} && (Imagelum <= 59)

INString = numZstr (Imagelum);

filename = strcat{'TestZClP3 00", INString, ".JEG"};

[ S |
A

end
if (100 <= Imagelum) && {(ImageMum <= 53%5)
INString = numZstr (Imagelum) ;

filename = strecat('TestZClP2 0", INString, ".JFG");

[ |
=1 &

00 <= Imagelum) && (ImagsMum <= TZ0OL1)
tring = numZstr (ImageMNum) ;

strecat ("TestZC1P3_ ", INString, ".J

Fh
N
I
g
"

L;
[y

LN LU S R e - R <
o

Imags = imread(filenam=)
Image = imZdouble (Image);
MulciImage (:, :,MultiTmageIndex]) = Images;
MultiImageIndex = MultilmageIndex + L;
CombImage = mean (MultiImage, 3);

Fam = rem(ImagsNum, Combdind ;

"

=1 &y

HHEHFHFEFHFHEEFHFHEREFEFRRRFFRRRFRFRBB B

LW S R O T S T T O I R O I

[T ]

=
[ov]
[

if Fam == 0
132 Imagelhd] = imadjust (CombImage, [.15; .31);

133 ImageCrop = imcrop (Imageldj, [30 350 770 2501):

174

gname Image FirstImageIndex CombImags F

&

i

1



18/08/17 13:32 D:\...‘\Images Combination Area Test2 VZ.m 4 of 8

134 ImageBinary = im2bw (ImagelCrop,Lavel); #Images

14 ion into Binary, using threshold wvalue of Lewel.
135 SA&RTmage = bwareaopen (ImageBinary, 50);4
ral of cbjects smaller than 50 pixels.

1l3g ConnComp = bwoonnoomp (SARTmages, 4); 14
Command to find and store Connected Componentcs.

137 ImageProps = regionprops (ConnComp, ‘basic'); #Imagey
properties extraction "basic" propertiss: RArea, Centrolds and BoundingBozes.

138 Imagelreas (ImageProps . Rreal; B
Extraction of only Brea walues from image propsrties.

135 MaxImagslrea, idx] = max|[Imagslreas); 14
Belectionof Maximum Tmage Area and idx (index location wector) .

140 1f size (MaxImageRresa) == 0

141 Lrea (CombImageMum) = 0;

14z zlse

143 Irea (CombImagelum) = MaxImagehrea;

144 141 ]

l4g CombImagelum = CombImageMNum + 1;

l4g MultiImageIndex = 1;

147 end

148 end

14% clear Imags

1

-

um IHS
LDFIragefrag LPFImagelaw LEFImags

ring filename Images FirstImageIndex CombImage B ImageRdi

150 clear Imagsfreg
151
ERRERRLRRERER AR ELER LR ETestZC1lPY images bbb a e et b e e s et i e asabesnaessy

ra

for ImageMum = 1l:TotImages
if Imagelum <= 5
INString = numZstr (Imagelum) ;
filename = strcat{"TestZClPF4 000',INString, '.JPGE");

W

end
if {10 <= ImageMum} && (ImageMum <= 35)
INString = numZstr (ImageNum) ;
filename = streat("TestZClP4 00',IRString, ".JPG");

-

e el e el el e e
o o inoon in o i
e 1@ i

=
[xy]
[l

end

lez if ({100 <= ImageMum) && {Imagelum <= 5535)

1e3 INString = numZstr (Imagelum) ;

led filename = streat("TestZC1P4 0',INString, '.JPG");
15 end

leg if {1000 <= ImageMum) && (ImageMNum <= 7201)

1&7 INString = numZstr (ImageNum) ;

1le8 filename = streat({"TestZClP4 ", INString, '.JPE"};
les =nd

170 Image = imread(filenam=s);

171 Image = imZdouble (Imags);

17z MultciImage(:, : ,MultiImageIndex)] = Image;

3 MultiImageIndex = MultiImageIndex + L1;

T4 CombImage = mean {(MultiImage, 3);

=1 Bem = rem|ImagsNum, CombWin) ;

Fl if Bem == 0

7 ImageRdj = imadjust (CombImage, [.15; -31);
ImageCrop = imcrop (Imagehdj, [30 350 770 2501);

;f = imZbw (ImageCrop,Level); % Image s

using threshold values of Lewvel.
SA&RTmage = bwareaopen (ImageBinary, 50);¢
%Emall RAreas Removal of objects smaller than 50 pixels.
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18/09/17 13:32 ©D:\...\Images Combination Area Test2 V2.m 5 of &

181 ConnComp = bwoonnoomp (SRRTmages, 4); g

Command to find and store Connected Cos

regionprops |

"basic" propertc

Lrea, Centroids and BoundingBomes.

182 ImageProps =

properties extraction o

cnnZomp, 'kbasic'); #Imagek’

L

183 Imagshreas =

s BT

Extraction of only RBrea values from image properties.

la4 (MaxImagslbrea, idx] = max{Imagshreas); £
Selectionof Maximum Image Area and idx (index location wector).

185 1f szsize (MazxImagehresa) == 0

1l8¢ Lrea (CombImagelum) = J;

187 else

1m8 IArea (CombImagelum) = MaxImageRres;

189 nd

150 CombImagelum = CombImageMNum + 1;

151 MultiImageIndex = 1;
132 end

133 end

194 clear ImagsMum INString filename Image FirstImageIndex CombImages B ImageRd]
1535 clear Imagsfreg LPFImagefreg LPFImageRaw LEFImags

for Imagelum = 1l:TotImages
if Imagelhum <= 5
INString = numZstr (ImageMum) ;

filename = strcat{'TestZC1lP5_ 000", INString, ' .JPGE");
end
if {10 <= ImagsMNum} && (Imagelum <= 99)

Lo I U R e s Y I e

INString = numZstr (ImageNum) ;

=1 filename = streoat{'TestZClPS 00", INString, ".JPG'};
208 end
207 if {100 <= ImageMum) && (ImageMum <= 933)
2 INString = numZstr (ImageNum) ;

filename = strcat({'TestZClPS 0", INString, '.JF:");

1000 <= Imagelum) && (ImageMum <= T7201)
INString = numZstr (ImageNum) ;
filename = strcat({'TestZClP5_ ", INString, '.JPE"};

I
M= L3 [ Do M
o

Image = imread(filenams);
= imZdouble (Imags) ;
MultiImage(:, :,MultiImageIndex]) = Image;
MultiImageIndex = MultiImageIndex + 1;
CombImage = mean(MultiImage, 3);
Bam = rem|ImagsNum, K CombWin);
if Bem == 0
ImageRd] = imadjust (CombImage, [.15;
Imagelrop = imcrop(ImageRdj, [30 350
ImageBinary = im?bw (ImageCrop, Lewvel

ion into using threshold walue

[
=1 &y
]
[
|

[ I I e s Y R e

$Imagee

(O S T A A

25 SARTmage = bwareacpen (ImageBinary, 50);«

Emall Rreas Bemoval of objscts smallsr than 50 pixesls.

28 ConnComp = bwoonnoomp (SRRTmags, 4); T
mmand to find and store Connected Components.

ImageProps = regionp {Cs

roperties extraction of "basic"
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18/08/17 13:32 D:\...\Images Combination Area TestZ VZ.m

228 Imagshreas = [Imagslrzops.Rreal;

Extraction of only Rrea wvalues om image px

2259 (MaxTmagelrea, idx] = max|[Imagelreas);

Selectionof Maximum Image Area and idx (index location wector) .
230 1f size (MazImagehrsa) == 0

z31 Lrea (CombImageMum) = 0;

23z zlse

233 Area (CombImagelum) = MaxImagelrea;

Z34 end

235 CombImagelum = CombImageNum + 1;

236 MultiImageIndex = 1;

237 =nd
238 end

239 clear Im IHS
240 clear ImagsFreqg LE
41

242 RERLERERRLRLRLERLRRSRRER LR TestICIP]l imagesh e bbb e bt b n e bbb ae e h i eatt

ring filename Imags FirstImagsIndex CombImages B ImagsRdi
FImageFreqg LPFImageRaw LEFImags

243 for ImageMum = 1l:TotImages

a4 if Imagelum == 9

245 INString = numZstr (ImageNum) ;

246 filename = strcat{"TestZCZFl_000',INString, '.JPGE");
247 =nd

248 if {10 <= ImageMum} && (ImageMum <= 59)

243 INString = numZstr (Imagelum) ;

250 filename = strecat{"TestZCZPl 00',IRString, ".JEPG");
251 end

252 if (100 <= Imagelum) && (ImageMum <= 53%)

253 INString = numZstr (Imagelum} ;

2:4 filename = strcat{"TestZCZFl 0", INString, '.JF:");
255 end

256 if {1000 <= ImageWum) && (ImageMum <= TZ01)

257 INString = numZstr (ImageNum) ;

258 filename = streat{"TestZCZPl ', INString, '.JPE"};
259 end

2e0 Image = imread(filenams};

Zel Image = imZdouble (Imags);

Ze2 MultiImage(:, :,MultiImageIndex) = Imags;

263 MultiImageIndex = MultiImageIndex + 1;

Ied CombImage = mean (MultiImage, 3);

2e5 Bem = rem(ImageMum, CombWin) ;

ZEE if Rem == 0

Imagehdj = imadjust (CombImage, [.15; .31);
ImageCrop = imcrop (Imagehdj, [30 350 770 2501);
ImageBinary = im2bw (Imagelrop, Level);

into Binmary, using threshold wvalus of Lewvel.

in Ebe f
= bwareacopen (ImageBinar

EARImags
%Small Rreas Remowval of objects smaller than 50 pixels.

27 ConnComp = bwoonnoomp (SAETmages, 4);
c » find and store Connected Components.
ImageProps = regionprops (ConnComp, ‘kbasic');
extraction of "basic" propertiss: RBrea, Centroids and BoundingBoxes.

Imagehreas = [ImagsePzops.Rreal;
on of only Rrea values

om image properties.

(MaxImagelrea, idx] = max|[Imagslreas);
of Mazximum Image Area and idx (inde=x location wector).

Selectic

177
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18/08/17 13:32 D:\...\Images Combination Area Test2 VZ.m

of

[ =]

if size (MaxImagelrsaz) == 0

Lrea (CombImagelum) az
zlse

Brea (CombImagelum) = MaxImagelres;
nd
ombImagelum = CombImagelMum + 1;
MultiImageIndex = 1;
=nd

and

=1 &
n

“d =d ed =] =l

[

[TE VI B S Y ]

clzar ImagsFfreg LPFImageFfrsg LPFImageRaw LEPFImags

=1 &

ERRERRERRL R LR R R RS
for ImageMum = l:TotImages
if ImageMum == %
INString = numZstr (ImagelMum) ;
filename = streat{"TestICIPZ_000",INString,'.JD0G");
end
if ({10 <= ImageMNum} && (ImageNum <= 55)
INString = numZstr (ImageNum) ;

[ L R = LY L ]

filename = strcat{'TestZCZP2Z_00',INString,".JEBG");
end
if {100 <= ImageMum) && {(ImageMum <= 893)
INString = numZstr (ImageNum) ;
filename = strcat({'TestZCZPZ 0',INString, ".JE:Z");
end
if {1000 <= ImageWum} && (ImageMum <= T201)
INString = numZstr (ImageNum) ;

filename = strecat{"TestZCIFI_",INString, '.J

=1 &y

R T FE R % T R T 6 TN T Y A O O T T A O T O T O O T O L O T O T T B R B
[
[y

[ I I = LY ]

=nd

305 Imags = imread(filename};

306 Image = im2double (Image);

307 MultiImage (:, :,MultiImageIndex) = Images;
308 MultiImageIndex = MultiImageIndex + L1;
CombImage = mean {(Multilmage, 3);

e T e Y I L L N )

]
0 Bam = rem(ImageMum, CombWin) ;
11 if Bem == 0
2 Imagehdj = imadjust (CombImage, [.15; .31);
3 ImageCrop = imcrop (Imageldj, [30 350 770 2501);
4 ImageBinary = imZbw (ImageCrop, Leve

using threshold f Lewvel.
bwareaopen (TmageBinary, 50);«

1 of objects smaller than 50 pixels.
316 ConnComp = bwoonnoomp (SARTmage, 4)
Command to find and store Connected Components.

317 ImageProps = regionprops (ConnComp, 'kasic');

wotion of "basic"™ propertiss: Area, Centrolds and
Ereas = [ImageProps.Arsal

of only Rrea walues from image properties.
(MaxImagehres, i1dx] = max{Imagslress);
faximum Image Area and idx (index location wector).
1f size (MaxImagelrsa) == 0
Lrea (CombImagelum) = 07
zlse
BArea (CombImagelum) = MaxImagshrea;

(]

[

[
[T R CE I 5 B}
(ST ES I T ]

[iE]

178
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=
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18/08/17 13:32 D:\...\Images Combination Area Test2Z VIi.m g of

(=]

and

CombImagellum = CombImagelum + 1;
MultiImageIndex = 1;

=nd

clear ImageMum INString filename Image FirstImageIndex CombImage B Imagehd;

LEFImagefraeg LEPFImageFaw LEFImags

FirstImageIndex = L1;
R RERRLERERLRRERY &
for ImageMum = 1l:TotImages
if Imagelum <= 3
INString = numZstr (Imagelum) ;
filename = strcat("TestZCZP3 000", INString,'.JPGE");
=nd
if {10 <= ImageMum) && (Imageslum <= 59)
INString = numZstr (ImageNum) ;
filename = streat('TestZCZP3 00
end B
if {100 <= ImageMum) && (ImageMum <= 5935)
INString = numZstr (ImageNum) ;

INString, ".JBG");

filename = strcat({'TestZCZP3 0',INString, '.JF:");
end
if {1000 <= ImageWum) && (ImageMum <= 7201)
INString = numZstr (ImageNum) ;
filename = strecat("TestZCZP2 ", INScring, '.JPE");
=nd
Image = imread(filenams);
Image = imZdouble (Image);
MulciImage (:, :,MultiImageIndex) = Image;
MultiImageIndex = MultiImageIndex + 1;
CombImage = mean (Multilmage, 3);
Bem = rem(ImageMum, CombWin) ;
if Bem == 0
Imagefhdj = imadjust(CombImage, [.15; .31);
ImageCrop = imcrop (Imageldi, [30 350 770 250]1);
ImageBinary

¥, using threshold wvalus of Lewel.
SLBImage = bwarsacpen(ImagsBinar 20y
11 &Lreas Bemowval of cbjects smallsr than 50 pixels.

ConnComp = bwoonneoomp (SARTmages, 4) 5 i

Command to find and store Connected Components.

= im?bw (ImageCrop, Level); Image e

363 ImageProps = regionprops (ConnComp, 'kasic'); #Image ¥
properties extraction of "basic" propertiss: Area, Centrolds and BoundingBomes.

3ed

Extraction of only Area walues from image proper

365

Selectionof Maximum Image Area and idx (inde= loc

3eg
3e7
368
365
3T
371

-
re

A ¥

Imagehreas = [ImagsProps.Rrea

(MaxImagsehrea, idz] = max|[ImagsRreas) ®
1f szize [MaxnImagslrea) == 0
Zrea (CombImageNum) a;
else
Erea (CombImagelum) = MaxImagelrea;
end
CombImagelum = CombImageMum + 1;
MultiTImageIndex = 1;

179



APPENDIX VIl = ALGORITHM OF SECOND SET OF EXPERIMENTS

18/08/17 13:32 D:\...\Images Combination Area Test2 VI.m g

373 and
374 =2nd
375

379 =label(

382 Time = (1l:152);
383 Mass = [0 -0.00004 -0.0000e O.00265 O._00254 0_00470 O.0044
384 MassTime = [0 24 48 72 9¢ 120 144 168 152];

L
=]
[
(=]
oy
=
il
=]
[
(=
oy

1
[==]

388 figure;

391 figure;
392 plot (MassTime, Maxhr
393 =label('Time (s]",°
394 ylabel ('R

Size", l4);

396 figure;

337 vlabels{l}="L
vliabels{2]=

3535 vylabels{3}="' T pi

0 [ax, hlinss] = plotyyy (Time, Area, Ma

1 17

;
sTime, Mass, MassTims, Maxhreamm, ylaksels) ;
os

55", "Crater Wear Area', ¢

legend(hlines,
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Intensity Extraction

18/09/17 13:41 D:\MATLA...‘Images Combination TestZ VZ.m 1 of 7

% Spark Intensity extracton of Combined Images with Low-Pass filter.

clear all; close all; clec;

3 ®RSVARILELES INITIALTIZATION AND PRE-PROCESSING SECTION%%%

4 Intensity = =zeros({l, 15%2); 1

=

nitialization of wariable that stores intensity results from each combined image. 1352¢
is the total amount of combined images.

5 LPF = zeros(251,77L1l); e

nicialization with zeros of "Low-Pass Filter" image of size 800 = 00 pimels.

€ FSize = 10; .14
Filter size (size of the filter sguars side) .

T LPF (125~ (FSize/2} :125+(FSize/2}, 385- (FSize/2) - 305+ (FSize/2) )= 1; #Thize
line ceates a sguare with waluss of ones In the filter image, making it a Low-Pass
filter.

8 CombWin = 300; £
Combination window size (number of images to be combined) .

5% CombImagsHum = 1; %Thizk

variable will be used as an index 1 Combined Image, in order to store theirk’

ity valuss at the Intensity v abowe.
RBefImage = imread{'TestIRsf.

1 from the firs rames of the wideo feed to use it for backgrounde

RBefImage = imldoukle (ReflImage); e
version of Reference Image waraible to "Double®™ for future subtraction to sach¥
TotImages = T20L1;

MultiImageIndex = 1;

MultiImage = =zeros (600,800, CombWin) ;

%%IMACE PROCESSING END FEATURE EXTRACTION SECTICHY%%

EERERRE R RR LR AR LR RERTestIC1Pl image skt bbb e bt e b b a e s benaini st
for ImageMum = 1l:TotImages

if ImageMum <= 3 B
Creation of filename from 1 to 5.
20 INString = num2str (ImageNum} ; B
rt Image Wumber to String.
21 filename = streat{"TestZ{lP1l_ 000", INString, '.JPGE");
22 end
23 if (10 <= ImageMNum) && (ImageMum <= 39
24 INString = numZstr (ImageNum) ;
25 filename = strcat{"TestZClPl_00', INString, ".JPG"};
26 end
27 if (100 <= Imagelum) && {(ImageMum <= 593)
28 INString = num?str (ImageNum) ;
259 filename = streat{"TestZC1lP1l 0", INString, '.JFG");
30 end
31 if {1000 <= Imagelum)} && (ImageMum <= TotImages)
32 INString = num?str (ImageNum) ;
33 filename = strcat{"TestZClPl_ ",INString, ".JBPG"};
34 end
35 Image = imread(filenams); Fheade’
Imags to be processed.
3 Image = imZdouble (Imags); &
Comversion of Image to Double.
37 MultiImage(:, :,MultiImageIndex) = Image;
38 MultiImageIndex = MulciImageIndex + 1;
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18/08/17 13:41 D:\MATLA...\Images Combination TestZ VZ.m 2 of 7

33 CombImage = mean{MultiImage, 3);
an Bem = rem(ImagsMum, CombWin) ; #Thisk”
command takes the remainder of the divition of Image Mumber and the Combinationy

21 if Ram == 0 =
the remainder is

ol
s
o
[« R
(K]
it
=]
=]
o
5
[ad
1
1=l
R

the number of combined images (CombWin) is me

Imagehdj = imadjust (CombImage, [.25; .31); $Image¥
Bdjustment to increase ilumination lewels.
43 ImageCrop = imcrop (Imageldj, [30 350 770 2501);

-

a4 ImageFreq = fftshiftc (fft2 (ImageCropl);

o
LS

Comversion of Image to fr
45 LDFImagefrag
Application of the Low-Pass filter.

LPFImageRaw = iffc2 (ifftshiftc (LPFFImageFreq));

1 of Low-Pass F

s Filtered Image with raw (there are positive and negative

quency domain.

= ImageFreg.*LEF;

o
R

L.
R,

a from frequency domain.

LDFImage = abks (LPFImagsRaw); %Takey
agbsolute wvaluses from LPFImageFaw to eliminate positive and negative valuss.
a3 Intensity (CombImageNum)} = sum (sum (LPFImage)); FTakey

a total wvalus of raw intensity in the Images, whers the spark is dominantc.

a3 subplot (4, &, CombImagelum) ;

=18 imshow (CombImage) ;

1 CombImagelum = CombImageMum + 1; B
Increase Combined Image Number by one each time the "if" is cleared to only storew

,.
i
oo

Co n image's iIntensity wvaluss.

1% MultiImageIndex = 1;

5 end

54 =nd

ES clear ge F ImageRdi
56 clear

5

5B RERehReeasessienenieei s st TestIClP imagesheeb b et s e e b ena b easieni et
5% for ImageMum = 1l:TotImages

if Imagelum <= 5

M

INString = numZstr (ImageMum) ;

filename = strcat{"TestZClPFZ 000", INString, '.JPG")

T B
(-?II":II—'Clull'ﬁ-'lr.'hl'.llnl-‘-(a?ll‘:lg_l']I—'

T

end

£4 if {10 <= ImageMum} && (ImageNum <= 929)

ES INString = numZstr (ImageMum) ;

ES filename = strcat{'TestZClPFZ 00', K INString, ".JPG"}:
&7 end

&8 if {100 <= ImageMum) && (ImageMum <= 953)
) INString = numZstr (ImageMum);

o Filename = strecat{'TestIClPZ 0", INString, ".JPG"):
71 end

72 if {1000 <= ImageMum) && (ImageNum <= TotImages)

73 INString = numZstr (ImageMum);

74 filename = streat{"TestZClPZ_",INString, ".JPG");
15 end

78 Image = imread(filenams);

7 Image = imZdouble (Imags);

78 MultiImage(:, :,MultiImagelndex) = Image;

MultiImageIndex = MultiImageIndex + 1;
CombImage = mean(Multilmage, 3);

o
L Y &)
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B2

Lo R )
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=1 &y i
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=
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L Sl S
=1 @y i

o e e e e
I
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=1 @y

el el el el e e e e e
(2]
]

[l

[
[Sh)
[

13z
133
134
135

Bem = rem(ImagsNum, CombWin) ;

if Bem == 0
Imagehdj = imadjust(CombImage, [.25; .31);
ImageCrop = imcrop (Imageldj, [30 350 770 2501);
ImagefFreq = fftshift (f£c2 (ImageCrop));
LEFImagefreg = ImageFreg. *LEF;
LEOFImageRaw = iffci (iffcshift (LEFImageFreq)l);
LEFImage = abs (LPFImageRaw];
Intensity (CombImagelum) = sum(sum{LPFImage));
CombImagelium = CombImagelum + 1;
MultiImageIndex = 1;

end
end
clzar lename Image FilrstImageIndex CombImages F Imagehd;
clesar g LPFImageRaw LEFImags

REREERRRRE AR R LR RRERERER YR TestICIEY imagecs ke bbb e e e e e e e bbb et e e e e ahaid
for Imagelum = 1:TotImages
if ImageMum <= 5

INString = num?str (ImageMNum) ;

filename = streat{'TestZClP3_000',INString, ".JPG"

;=

end
if ({10 <= ImageMum) && (ImageMum <= 595)
INString = num?str (ImageMNum) ;

filename = strecat({"TestZClP3_00',INString, ".JBG");
end
if {100 <= ImageMum) && (Imagelum <= 933)

INString = num?str (ImageMNum) ;

filename = strcat{'TestZClP3 0" ,INString, ".JPG");

00 <= Imagelum} && (Imagelum <= TotImages)
tring = numZstr (Imagelum) ;

filename = strecat{'TestiClP3 ',INString, '.JPG"};

i

Image = imread(filenams);

Image = imZdouble (Imags);

MultiImage (:, :,MultiImageIndex]) = Image;

MultiImageIndex = MultiImageIndex + 1;

CombImage = mean{MultiImage, 3);

Fam = rem(ImagsMum, CombWin);

if Bem == 0
Imagehd] = imadjust(CombImage, [.25; .31);
ImageCrop = imcrop (Imageldj, [30 350 770 2501);
ImageFreq = f£ftshift (£££2 (ImageCropl s
LEFImagefreg = ImageFreg. *LEF;
LDFImageRaw = ifft2 (iffoshift (LEFImageFreq) )
LEFImage = abs (LPFImageRaw];
Intensity {CombImageMum} = sum(sum{LPFImage)};
CombImagelium = CombImagelum + 1;
MultiImageIndex = 1;

end
end

clear Imagelum INString filename Image FirstImageIndex CombImages F Imagehd]

clear Imagsefreg LPFImagefrsg LPFImageRaw LEFImags
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18/08/17 13:41 D:\MATLA...\Images Combination Test2 VZi.m 4 of 7

136 RERERRehReaebb e s bbb esteRTestICIPd imagesh bbb bbb e e e bbb e s b e b b s ieais
137 for ImageMum = l:TotImages

138 if Imagelum <= %

135 INString = num?str (ImageNum) ;

140 filename = streat{'TestZClP4 000", INString, ' .JPG");
141 end

142 if {10 <= ImageMum} && (Imagelum <= 359)

laz INString = num?str (ImageNum) ;

lag filename = streat{'TestZClP4 00', INString,".JPG'};

145 end

ldag if {100 == ImageMNum) && (ImageMum <= 9933)

147 INString = num?str (ImageNum) ;

1483 filename = strecat{'TestZClP4 0, INString, ".JPG"};
14z end

150 if {1000 <= ImageFum)} && (Imagelum <= TocImages)

151 INString = num?str (ImageNum) ;

152 filename = streat{'TestZClP4 ", INString, '.JPE"};
153 end

154 Imagse = imread(filenams);

155 Image = im2double (Image);

15¢ MulciImage(:, :,HMultiImageIndex) = Imags;

157 MultiImageIndex = MulciImageIndex + 1;

158 CombImage = mean (MultiImage, 3) 5

1558 Bem = rem(ImagsMum, CombWin) ;

1&0 if Bem == 0

lel ImageRhdj = imadjust (CombImage, [.25; .31);

le2 ImageCrop = imcrop (ImageBRdj, [30 350 770 2501);
1&3 ImageFreq = f£ftshifc (f£c2 (ImageCropl);

led LPFImagefreqg = ImageFreg.*LIFE;

les LPFImageRaw = iffc (ifftshift (LPFImageFreqg));
leg LEPFImage = abs (LPFImagesRaw) ;

187 Intensity {CombImagelum} = sum(sum{LPFImage));
1E8 CombImagelum = CombImageMum + 1;

les MultiImageIndex = 1;

170
171
172
173
174
175 #5REReeb e eeb bbb e s bbb 8%%TestIZCIPS imag

17¢ for ImageMum = l:TotImages

177 if ImageMum <= %

178 INString = num?str (ImageNum) ;

1758 filename = strcat{'TestZClPS_ 000", INString, ' .JPGE");
180 =nd

181 if {10 <= ImageMum} && (ImageMum <= 39)

12 INString = num?str (ImageNum) ;

183 filename = strcat{"TestIClP: 00', INScring,".JBG');
184 end B

185 if {100 <= ImageMNum) && (Imagelum <= 955)

l8e INString = num?str (ImageNum) ;

187 filename = strecat{'TestZClPs 0, INString, ".JPFG");

188 end
188 if {1000 <= ImageFum)} && (Imagelum <= TotImages)
150 INStrid = numZstr (Imagelum) ;
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filename = strcat{'TestZC1lPS ", INString, '.JF
end
Imags = imread(filenams);
Image = imZdouble (Imags);
MultiImage (:, :,MultiImageIndex] = Image;
MultiImageIndex = MultilmageIndex + 1;
CombImage = mean {Multilmage, 3) 5

Lo B ol

=1

g Bam = rem(ImageMum, CombWin) ;

= if Bem == 0

] Imagehdj = imadjust(CombImage, [.25; .31);
1

L Y T I Y )

ImageCrop = imcrop (Imageldj, [30 350 770 2501):
oz ImageFreq = fftshift (fft2 (ImageCrop));

03 LPFImagefreg = ImageFreqg.*LDF;

04 LPFImageRaw = ifftl2{ifftshift (LEFImagsFreqll:
0s LEFImage = abs |LPFImageRaw);

oe Intensity {CombImageMNum) = sum(sum{LPFImage]};

o7 CombImageNum = CombImageMum + 1;

o8 MultiImageIndex = 1;

) end

10 end

11 glear Imagslum g gname Image FirstImageIndsx CombImags B Imagshd;
12 clear Imagefrsg LPFImageFrsg LDPFImageBaw LEFImags

14 2225 ees bttt e da e s bt eeebateiTestICIPl imagesteebd bbbt b b e bt e e b aa e e ianis

15 for Imagelum = l:TotImages

lg if ImageMum <= %

17 INString = num2str (ImageMum) ;

1 filename = streat{'TestZCZIPl_ 000", INString, '.JPG");

=nd
if {10 == ImageNum] && (ImagelNum <= 53]
INString = numZstr (ImageNum) ;
filename = strcat{'TestZCZFl_00',INString, ".JEBG
end
if {100 <= ImageMum) && {Imagelum <= 99%9)

[T T e e Y S e}

= INString = num2str (ImageMum) ;

[ filename = streat{'TestZCZIPl_0',INString, '.JPG");
7 end

8 if (1000 <= Imagelum) && (Imagelum <= TotImages)

3 INString = num2str (ImageMum) ;

v} filename = strcat{'TestZCZFl ", INString, '.JPG"};
1 end

2 Imags = imread(filenams);

3 Image = imZdouble (Imags);

4 MultiImage (:, :,MultiImageIndex] = Image;

MultiImageIndex = MultilmageIndex + 1;

CombImage = mean {Multilmage, 3) 5

Bam = rem(ImageMum, CombWin) ;

if Bem == 0
Imagehdj = imadjust(CombImage, [.25; .31);
ImageCrop = imcrop (Imageldj, [30 350 770 2501):
ImageFreq = fftshift (fft2 (ImageCrop));
LOFImagefrayg = ImageFreg. *LEF;
LPFImageRaw = iffr2{ifftshift (LPFImageFreq)l:;
LEFImage = abs |LPFImagefaw);

=1 Intensity {CombImageMNum) = sum(sum{LPFImage]};

=1 &

M= L [ O

[ T (T O T I T T T (I T T (T R T T T I S U T T T I I T O T Y I S T T O T O 0 T O T T T O T O o I O T e e e e e el el Sl o

L I R L T T T T T I R TUIE I T T O T T T I - T S R SC I I |
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18/068/17 13:41 D:\MATLZ...\Images Combination TestZ V2Z.m

CombImageNum = CombImageMNum + 1;
MultiTmageIndex = 1;

=1

=nd

M= L3 P3O D W

for ImagsNum
if Imagelum <=
INString = numZstr (Imagelum) ;

RERLHLLRRLRER LR RRRERLR LRSS TestiC2PZ inages b a bR e e b ta i eh e bRl eni ity
]

=1 &y

filename = streat{"TestZCIZP2 000", INString, '.JRE");
=nd -
if {10 <= ImageNum} && (Imagelum <= 55)

INString = numZstr (ImageNum) ;

filename = streat{'TestZ{ZPZ 00", INString, '.JBG"};
end
if {100 <= ImageMum) && (Imagelum <= 9599)

INString = numZstr (ImageNum) ;

- i

filename = strcat{'TestZCZPZ_0',INString, '.JPG");

M= L3 O O W

=1 @y i
- il
:1
[*A

000 <= Imagelum) && [(ImagsNum <= TotImages)
INString = numZstr (ImageNum) ;

- o

filename = strcat{'TestiCZPZ_",INString, '.J

Image = imread(filsnams);
Image = imZdouble (Image);

MultiImage (:, :,HMultiTImageIndex]) = Image;
MultiTmageIndex = MultiTmageIndex + 1;

B e I I O T T T S ST O O SO S N O T T O T 3 O Y AR R A 4
M O M

Y CombImage = mean (MultiImage, 3);

g Bem = rem(ImagsNum, CombWin);

17 if Rem == 0

7 Imagehd] = imadjust(CombImage, [.25; .31);:

T ImageCrop = imcrop (Imagefd;j, [30 350 770 2501):

ImageFreq = ffcshifc (ffc2 (ImageCropl )
LPFImagefraeg = ImageFreg.*LPE;

LPFImageRaw = iffcl (iffcshift (LFFImageFreqg));
LPFImage = zks (LPFImagsRaw);

Intensity {CombImageMum} = sum(sum{LPFImage)};
CombImageum = CombImagelum + 1;
MultiImageIndex = 1;

o I I el e LY S ]

=1 &y

FirstImageIndex =

Lo e Y o e}

ERRERRLRRERLRRREERE
for ImageMNum = 1:To
if Imagelum <=
INString = numZstr (ImageNum) ;
filename = streat{'TestZ{ZP3 000", INString, ' .JPGE');
end
if ({10 <= ImageNum) && (ImageNum <= 35)
INString = numZstr (ImageNum) ;

=1 &

LE% T T T N T T T U T T O Y O T T T 5 Y O O O O G Y O T O O O N T Y Y Y T T T T T Y Y O G O T T T Y Y O T T

[N I BN N e N Y T Y e I B =« = e« O w T« = w = e

[N v
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301 filename = strecat{"TestZCZP3_00',IRString, ".JPG");
302 =nd
303 if {100 <= ImageMum) && (Imagelum <= 5599)
304 INString = numZstr (ImageNum);

= filename = strcocat{'TestZCZP3 0',INString, ".JE:Z");
308 end
307 if {1000 <= ImageWum} && (ImageNum <= TotImages)
308 INString = numZstr (ImageNum) ;
309 filename = strcat{"TestZCIF3_",INString,'.JPE"};
310 end
311 Imags = imread(filenams);
312 Image = imZdouble (Image};
313 MultiImage (:, :,MultiImagelndex] = Image;
314 MultiTmageIndex = MultiTmageIndex + 1;
315 CombImage = mean{MultiImage, 3);
3le Bam = rem(ImagsMum, CombWin) ;
317 if Bem == 0
318 Imagskd] =
319 ImageCrop = H
320 ImageFreq = fftshifc (f££2 (ImageCrop) s
321 LDFImagefreg = ImageFreg. *LEE;
322 LPFImageRaw = iffc2 (iffcshift (LEFImagefreqg))s
323 LEFImage = abs (LPFImagesRaw);
324 Intensity {CombImagelum} = sum(sum{LPFImage));
325 CombImagelum = CombImageMum + 1;
326 MultiImageIndsx = 1;
327 =nd
328 end
329
330
331

2 plot {Intensity, 'b

[£L I EE]
(IR ]
]

3 xlabel {"Ti
334 wlabel {'Int
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APPENDIX VIII = ALGORITHM OF THIRD SET OF EXPERIMENTS

Example of Test 3.

18/08/17 13:45 D:...“Spark Area and Intensity Test3 VZ.m 1 of 4

1 clearvars, clo, close all;

2 &This amme incla a manual walue of 20 im ¥ i [s=2= the

Final = input (prompt);
g RumVideos = {Fimal - Imitial) + 1;

3 Intensity = casti[],

10 Area = casti([], "dout
cast({[],

= cast

13 TestIntensity = cast
14 Testhrea = cast([],
15 IntIndex = 1;

1§ Rrealndsx = 1;

17 BunFrames = Z§&;

18 for v = l:KumVid=os
filename = sprintf('MVI_%04d.mowv', (Initial-l)+w);

Sheady

(R R S |
[P A I o e N

23 14

24 vidiWidch = vidCbj.Widch;

25 Vid = struct('cdata',zeros (vidHeight, vi - &Createy
a MATLEB structure array for mowvie frames in

28 k=1;

27 while hasFrame (vidObi) &Deade’

all frames u 1 the end; le "cdata" contains each frame.
28 id (k) .cdata = readFrame (vidCbi);

25 £ = k+l;

30 end

33 Isubt = struct| tractl’, zeros (vidEeight, wvidWidch, 3, "uint8') ) ; G

Structure variables creation.

as HumFrames = size (Vid, 2); s
mber of frames in wideo.
i=1:HumFrames

= Vid (i) .cdata(:
1 channel of frams.
= Vid(i) .cdata(:,:,3); LT
hannel of frame.
= strel('disk",2,8]); &Creates

al structure element in the from of a disk with radius of Z pimels.

BackgroundG = imcpen(G, sel: ET's
Morphologically | 1
41 Background® = imopen (B, sel;
42 Isubt (i) .5ubtractl = imsubtract (V
Backgrounds, BackgroundB)); &Subtract | z

n image using morphological disk structures
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18/08/17 13:45 D:...“Spark Zrea and Intensity Test3 VZi.m

2 of 4

Calculate the

48

K

o

oo -

[}
o NN o on o in on oo
1

ol == Y s ]

iy
[

e I IS RS S I I S 4
[ B LI

-
[

B3

Blue ch

1 0.00
end

annal in the Fad channel.

B4iT (i} .AdjustedI = imadjust{Isubt (i) .SubtractI, [.01 .2 .0Ll; 1 .5

1 .001]); %Enhance Image to isolate spark.

#Image combination

Win

=nd

dowSize = widCbj

int8'));

:HumFrames

on into new wariable Icomb.

I = BdjI{i).Adjustadl + I;

Bem = rem{i, WindowSize);

if Bem == [
Icomb (k) .CombI = I;
I = imPuintB (zeros (vidHeight, widWidch, 3)});
k= + 1;

NumTmages = size (Icomb, 2);

Spa
for

rikIndex = cast([], "double');

i = l:HumImages

%% %5park Intensity Extraction%$is
Imagefray = rgbZgray({lcomb (i) .CombI);
ImageFreq = fftshifc {ffcl (ImageCray));
¥Filter size calculation

ImageFreghbs = abs (ImagsFreg);

CentreX = round{vidWidth/2Z)+1:

® = CentrelX;

CentreY = round({vidHeight/2)+1;

v = Cantrel;
if ImageFreghbs (CentreY, Centrek)

T+*ImageFregibs (CentreY, CentreX) )

while ImageFreglbs(y,x]>==(0.
x==x+ 1;

end

#x = CentreX;

while ImageFreghbs (y, =) >=(0.7*ImageFreghbs (CentreX, CentreX) )
v =¥ t 1;

eros (vidHeight, vidWidch);

LPF {CentreY— (yv—CentreY) :Centre¥+ (v-Cencrel) , Centre¥- (x—Centre¥) :

Cantrel+ (x-CantreX) )= 1;

B4
BS
Be

LEPFImageFreq = ImageFfreg. *LEF;
LEFImagelaw = i1ffcl (iffcshifc (LPFImageFreg));
LEFImage = abs (LEFImagsRaw) ;
Intensity (IntIndex) = sum(sum{LPFImage));
TestIncensicy (i} = sum(sum(LPFImage));
else
Intensity (IntIndex) = 0;
TestIncensicy (i) = 0;
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APPENDIX VIII — ALGORITHM OF THIRD SET OF EXPERIMENTS

18/08/17 13:45 ©D:...\Spark Area and Intensity Test3 Vi.m 3 of 4

L Y Y )
e - I LI SR SUR B

j] Had
How N

Lo

P H oo OO

S L = T R =

L L L S S S |
B I L I S R = LU I

I
I5s)

A R i ]

=1 &y

[l el T el e Sl Y Sl el e LB el e N sl el e O e e e
[T T ST 5 T O T 5 T T O I I

©ou

o
(A
LR

133
134
135
13g
137
138
135

g
9

wal of cbjects smaller than 50 pix
ConnComp = bwoonncomp (SERTmags, 4); SFinde
i Connected Components.
ImageProps = regionprops (ConnComp, 'kasic'); AImagew

1f size (MaxImagesRrea)
Erza (Rrealndsx) =

Testhrea (i) = 0;

zlss
AErza (Brealndex) = MaxImagshrea;

Tzsthrea (1) = MaxImagshrea;

nd

Arezalndex = Rrealndex + 1;
end

Size = size(hreaFilt,Z);

Ereaftd = std(Testhrea)l;
Loc = find(Testhrea> (AreaStd*0.8),1);
if Loc = floor (size{Testhrea, Z) /Z)
BreaFilt (Size+l:SizetPunFrames+l) = Testhrea(size (Testhrea,?)-RunFrames: ¥
ze [Testhrea, 2));
slse
BreaFilt (Sizetl:SizetBunFrames+l) = Testlrea (Loc:LoctBunFrames) ;
end

Size = size(IntensicyFilt,2);
IntensityStd = std(TestIncensicy) s
oo = find(TestIntensity>=(IntensicyScd*0.8),1);
if Loc = floor (size{TestIntensity, 2) fZ)
IntensityFilt (Size+l:Size+BunFrames+l) = TestIntensity(size (TestIntensity, ¥

-FunFrames:size (TestIntensitcy, 21} ;

else
InvensitcyFilc (Size+l:Sizet+BunFrames+l) = TestIntensity (Loc:LoctBPunFrames);
end

ena

BregFilt (2:size{AreaFilc, 2)+1l) = RreaFilci:};
BreaFilc (1) = 05
IntensityFilt (2:size {Intensit:
Intensity H

ilg, 2)+1) = IncensicyFilc(:);

=0

figure;
subplot(3,2,1);
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140 plot {Rrea, "b');
141 x=label ('Tims |

142 ylabel('
143 subplot{3, 2,2
144 plot{Intensity, "'r');
145 =label( -
146 ylabel(

14% subplot{3, 2,3);

150 plot {AreaFilt, 'B");

"Llal;

[

s

o

Brezal = zscore(RreaFfilz);
Intensity3 = zscore(IntensityFilc);
) subplot{3,2,5);

161
162
163 v
led
165
leg

=
OO OO o g
o

14} ;

r

1e8
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APPENDIX IX— INDIVIDUAL TESTS NETWORKS ALGORITHM

Example of Test 2 with Spark Event Input.

18/09/17 13:49 D:\MATLAB\Main Tests 201&“WN Indiwvidua... 1 of @

LR U S

ors = stringi{raw(:,[5,10,15,20,25,30,35,401)};
ors(ismissing {stringVectors)) =
'y

.
¥

[1,z,2,4,6,7,8,9,11,12,13,14,1¢,17,18,19%, 21,22, 23,24, 2¢, 27, 28,29, 31, 32, 23, 24, 3§, 37,38, ¢
29,41,42,43,447);

18

19

20 =9

21 1,1 = datai:,t);

22 T =t + 4;

23 end

24

25 &

26 [ xlsread( 2z for Matlab. ¢
xlsx '"CL3:AT30");

= string{raw(:,[5,10,15,20,25,630,35,401));
ors (ismissing{stringWVectors)} = "';

iz, ¢
[i,2,3,4,¢6,7,8,9,11,12,13,14,1€,17,18,19,21,22,23,24,2¢€,27,28,29,31,32,33,34,3¢6,37,38, ¢

r="r

| SR O I S R B
]

39, 41,42, 43,4413;

34 for i = 10:18
35 if i = 15

=1 VBmax(:,i) = data{:,t);
a7 T =1t + 4;
3s end

[
T
e
h
[}
I
I

= 15
a0 T =t + 4;

42 if i » 15

43 VBmax(:,i-1} = datai:,t);
44 T =t + 4;

45 =nd

48 =nd

47T © = 4;

48 for i = 10:18
4% if i = 15
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of

50 VBH(:,i) = dazal:,t)s
Bl T =t + 4;

1% end

53 if i == 1&

=4 T =T+ 4;

ES end

EE if i = 15

57 VEH(:,i-1) = datal:,t);
58 T =T+ 4;

1 end

T T
Lol = LY
il
o
[}

VEBmax = zscore (VBmax);
VBN = zscore(VBM);
% Clear temporary wvarlables

WM
ORI ]

clearvars data raw stringVectors;

[ay]
o

Intensity and Crater Wear data

[aal
-1 é
off

m
[Eee |

filename = sprintf('Arsa3%02Zd.mat", 1i);
Inputs (i) .Area = importdata(filename) ';

70 filename = sprintf('Intensity3%02d.mac", 1);
71 Inputs (i) .Int = importdata(filename) ";

72 filename = sprintf('Maxireamm%02d.mat', i);
73 Craters(2:12,i) = importdata(filenams)";

74 Craters(l,i) = 0;

-

=

(a3}
Lo

end

78 Craters = zscore (Cratsrs);

77 © = 0:11;

78

EERE L e et et e Rt et
B0 BERTRETELLELEREEEY FIT CURVES & MACHINING PRRAMETERS ®34R33Rsattitasdsisassd
a1

B2 %%Fit cu
B3 for i =
24 = size (Inputs{i) .Area, l)};

a5 t 0:i(s/11):s;

Ae t=t";

a7 Time (i} .tz = [0:{s-1}1";

a8 fitobject = fic(t,VBM({:,i), 'linearinterp’); &Use either cubicinterp or¥

with linsar interpolation and genseratse machining wariables.

linearinterp
a5 Cutputs (i) .VBN = feval (fitokject,Tim= (i) .tt);
90 fitobject = ficit, VBmax(:,i), "linsarinterp');
91 Cutputs (i) .VBmax = fewval{fitobject,Tim=(i).tt)s
52 fitobject = fitit,Cratersi:,i), 'linear ")
53 Cutputs (i) .Crater = fewal (fitobject, Time (i) .tt);
54 & figure; plot(ti

evaluate fitting

95 % figure; plotitime({i) .tt,VBma=x2? (i) .VBmax, t, VBmax(:

=30
=1
57 % Create normalised machining wariables and load into the
L ®Cut
99 if i
100
101 Value (k) = -1;
102 end

"Imput” .

| i==% || i==l0

193
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[ia)
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i

| i==17

L S S R S B S e
L I = LI I S S S S e R WA R

o I R L= L ]

=1 &

e el el el e el el el e el el el el el el il el
I

LI SO T S T S S I R I A I

W

130

[
[ov]
[

132
133
134
135
138
137
138
139
140
lal
laz
143
laa

las

i=8 || i==1l || i==l¢

la7
14
14
150
151
152
153
154
155
156

157

o
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L=

158 end

159 if i= 3 || i== | i==% || i==13 || i==17
led for k= 1l:s

lel Valus (k) = 1;

les for k= 1:s

| i=11 || i=l1z2

17g for k l:s

183 for k= 1l:s

ng £vent aetectlon and 1nput Ccreatlon

count = 0;

= size ({InputsL{i) .Area, l};
200 SparkEvent = zeros(s,l);
- for & = 6:(s-4)

{InputsLii) .Area (k-5) *per) && (InputsL (i) .Area (k-4) Yper) && (InputsL (i) . ¥

({InputsL{i) .Area (k-2) *per) && (InputsL (i) .Area (k-1
{InputsL (i)} .Area (k)}&&({InputsL (i) .Area (k+l) }&& (InputsL (i} Areas

Y Yper) = ...

{InputsL{i) .Area (k+3) ) E&InputsL (i) .Area (k+4d)

SparkEver count + 1) /100;

end
Inputs (i) .5E = SparkEvent;
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]

I
i
o,

]

I
Lo CE I R

for Training, Validation and Testing

I I
=1 @y i

s = size(Inputs ({Testlum) .Aresz, 1) ;

rng (seed) ;

r = rand(s,1l);
kE=1;

= 1;

Lo R e e Y I
]
i

i=1l:s

if (i) == 0.8
InTestIr(j,l) = Inputs(TescHum) .
InTestIr(j,2) = Inputs(TescHum) .

InTestTr(j,3) = Inputs (TestHum) .5E

T
h
0o
H

CuTestTr(j,l) = Cutputs {TestHum)

CuTestTr(j,2) = Outputs {TestHum)
CuTestTr(j,3) = Outputs (TestMum) .Crater(i);
i=3+ 1;

elseif 0.9 »= r{i) = 0.8

LT R R el s R e}

InTestWVall{k,l) = Inputs {TestHum)  Rhrea(i);
InTestVal{k,Z) = Inputs(TestMum) .Int{i};
InTestVal{k,3) = Inputs {TestMum) . 5E{i);
CuTestWVal{k,l) = Cutputs (TestHum) . VBN (i) ;
CuTestValik, 2) = Cutputs (Testlum) .VBmax (i);
CuTestVal {k, 3) = Cutputs (TestHum) .Crater(i);
=k + 1;

zlss
InTestTest(h,l) = Inputs (Testhum) .Areal|
InTestTest(h,2}) = Inputs (TestBum) .Int(i);

=1 &y i

LN R R el e R e}

InTestTest(h,3) = Inputs (TestHum) .SE(i};
CuTestTest(h,l} = Cutputs (TestHum) .VBH
CuTestTest(h,2) = Cutputs (Testlum) .VBmax (i) ;
CuTestTest(h, 3) = Cutputs (Testlum) .Crater(i);
h=h+ 1;

=1 &y

end

LR R L el e LY e}

5 MaxWeights = ((s*_8)/e)-0.5;
¢ display{MaxWeights);
7 prompt = "What is the mazimm numkber of hidden nodes for evaluation? H

MaxHM = input (prompt) ;

Lo ST ST e e LY 5 e ]

[ T I T O O T N S O T Y O T A T A T O O B T A O O O O G Y T O O Y T T O O TN T T O T T O T T T 5 T T O I A I

AT T A ST S O I O O O o W W O T O Y EY S SRR G Y S ST CUY S S S S S P T L P T P O T S T S T T T O O I R O |
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2eE for i = 1:Ma=HN

287 & Set up network parameters.

Z2ie8 nin = 3; % Number of inputs.

265 nhidden = i; % Humber of hidden units.

270 nout = 3; % Number of

271 alpha = 0.01; & Coeffic prior

273 % Create and initialize network we ector

z74 net = mlp{nin, nhidden, nout, , alpha);

275

278 % Set up v

277 options =

278 options{1) valuss.
278 options (14) = 1000;

280

281 % Train using scale wnga 1

282 [net, optioms, errlog] = netopti{net, options, InTestTr, CuTestTr, 'sog'l;e
®R1 use sog

283 vIr = mlpfwd{net, InTestTr);

B4 [eTr, edataTr, epricrTr] = mlperr {net, InTestTr, CuTestTr);

285 MEETr (i, o) = edataTr/(size(InTestTr,1l)*1.5);

ZBe
z87
288
289
250
251
252
253
Z54
285
Z59¢
257
258
2599
300
301
302
303
304
305
306
307
308

[E8)
f
Lo

(2}
[}

[ S
[ R

[ |
=1 & i

L 03 D D 0s O3 D D D
0

I
L

¥Wal = mlpfwd(net, InTestWVal);
[eVal, edataVal, epricrVall = mlperr{net, InTestVal, CuTestVal);
MEEVal(i,o) = edataVal/{size{InTestVal, 1}*1.5);

vIest = mlpfwd{net, InTestTest);

(eTest, edataTest, epriocrTest] = mlperrinet, InTestlest, Culestlest);

MEETest (i,o) = edataTest/ (size(InTestTest, l}*1.5);
end

[M,I] = min(MSEVal);
Minimums (1, :) = H;
Minimums (2, :) = I;
display (Minimums) ;

prompt = "What is the best NN numker [1 10]7 "

KN = input (prompt) ;

prompt = "What is the best number of nidden nodes? i
HN = input (prompt) ;

for o = 1:HN
ng{o}) ;
5 = rng;
for 1 = 1:HN

& Set up network parameters.

nin = 3; % Mumbker of inputs.
nhidden = i; % Number of hidden units.

nout = 3; % Number of
alpha = 0.01; & Coeffi

% Create and initialize network weight wector.
net = mlp{nin, nhidden, nout, "linsar", alpha);
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320 B et up we

321 options =

32z options{1l) = -1; r valuss

323 options(14) = 1000; %

3z4

325 % Train using scaled conjugate gradients.

32g [net, options, errlogl?] = netoptinst, options, InTestTr, CuTestTr, 'sog'); ¢

327 vIr = mlpfwd{nec, InTestTr);
328 [eTr, edataTlr, epriorTr] = mlperr (net, InTestTr, CuTestTr);
329 MSETr2{i,o) = edatalr/(size(InTestTr,l)*1.5};

331 vWal = mlpfwdinet, InTestVal);

33z (eVal, edataVal, epricrVal] = mlperr{net, InTestVal, CuTestVall;

333 MSEVal2{i,o)l = edataVal/(size (InTestVal,l)*1.5};

334

335 vIest = mlpfwd(net, InTestTest);

336 (2Test, sdatalest, epricrTsst] = mlpsrr (net, InTestTest, CulsestTest);
337 MEETestZ (i,0) = edataTest/(size(InTestlest,l) *1.5);

347 AR ER R R R R R R R R R R R R R R R R R R R R AR R R R AR R AR R R TR R R R AR R AR R R R TR LR
343 RERERRLRRRERERRLRSERERRLREEY RESULTS GEAPHING #%ibiiiiiiehisbibitnaiaiiiist
344 = = 1l:MaxEN;

345 Mean = mean (MSETr,2);

34¢ figure;

ot yx,Mean, "—-", "MarkerSize® T7};

different number of hidden nodes.
'HH 4',"MW 5'","'HM &','HHN 7', 'NH &'

ir

= r

10", "Mean Valuss');

350 =label {"'Humber of Hidden Modes', "FontSize',14);

351 wlabel ('Mean-Squarsd Errox’, "Fontlize", 14);

352 Mean = mean (MSEVal,2);

353 figure;

354 plot{x, MSEVal,'.",x, Mesan, "--'", 'MarkerSize',7);

355 % title({"Valida E fferent number of hidden
356 legend("HN 1','MH 2", NN 3",'KN 4',"HN 5", "'HM &', 'KN 7', "E
10", "Mean Valuss'");

357 =label {'Number of Hidden MHodes', "FontSize',14);

358 wlabel('Mean-Sguared Error', 'Fontiize",14);

359

3el figure;

36l plot (MSEVal

362 & ISE r of hidden nodes.'; 'MN numbere

9.}, "For =
363 =label ('Humber of Hidden MNo
3ed vlabel('Mean-Squars
365

3eg figure;

3e7 plot{errlog);

368 title({'B
Hidden MHodes.

1wcEize ", 14);

or", '"FontSize",14);
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370 wlabel('Bayesian Error', "FontSize',14);

371

372 figure;

373 plot{vTx(:,1));

374 hold on;

375 plot {CuTescTe(:,1),"-—");

376 % title({ 'Training and Prediction values of Notch Wear.'; "NN number 9 with 13¢
Hidden Nodes.'}, "FontSize',14);

377 legend('Network Prediction®, 'Original Walues
378 =label('Data Points', "FontSize',14);

37% wlabel('Notch Wear', 'FontSize", 14);

380 figure;

3081 plot{vTz(:,2));

382 hold on;

383 plot {CuTescTe(:,2),"--");

304 & title({ 'Training and Prediction wvalues of Flank Wear.'; "NN number 9 with 13¢
Hidden Nodes.'}, "FontSize',14):

385 legend('Network on', 'Original Walues
38% =label ('Data Points',
387 wlabel('Flank Wear', 'Fontiize",14);

388 figure;

389 plot{yTz(:,3));

390 hold ongy

391 plot {CuTesctTe(:,3),"——");

392 & title({ 'Training and Prediction walues of Crater Wear.'; "MN number % with 13«
Hidden Modes.'}, "FontSize", 14);

393 legend('Network Pred n", "Original Values
394 =label('Data Points', "Fontfize',l4);

395 wlabkel ('Crater Wear', 'Fontfize',Ll4);

396

397 figure;

392 plot{¥Vali:,1)};

399 hold ony

400 plot {CuTesctWVal(:, 1), "'-—"};

401 tigle({'Validation and Predictiocn walues of Notch Wear.'; "HM number 9 with 13«
Hidden MHodes.'}, '"FontSize', 14);

402 legend('Network Prediction”, 'Original Walues
403 =label('Data Points', "FontSize',14);

404 wlabel(|'Normalised MNotch Wear®, "FontSize',14);

405 figure;

406 plot{¥Vali:, 2)};

407 hold on;

408 plot{CuTestVal(:, 2),'--"};

409 ticle({'Validation and Predicticn walues of Flank Wear.'; "NM number % with 13
Hidden MHodes.'}, 'FontSize', 14);

', "Location', "northwest')

', "Location', "northwest')

', "Location', "northwest')

, 'Location', "northwest")

410 legend('Metwork Prediction”, 'Original Waluess', "'Location', "northwest’
411 =label('Data Points', "Fontfizs', 14);

412 wlabel('Normalised Hotch Wear', 'FontSize',l14);
413 figure;

414 plot{yVal({:,3));

415 hold on;

4lg plot{CuTestVal(:,3),'--");

417 title({'Validation and Predicticn walues of Crater Wear.'; "MN number 5 with 13«
Hidden Modes.'}, "FontSize', 14);

418 legend('Network Prediction”, "Original Walues

, 'Location', "northwest’
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41% xzlabel ('L

420 ylabel(

471

422 figure;

423 plot {vTest (:,1));

474 hold on;

475 plot {CuTestTest(:,1},"——");

42¢ Hidden®

[T ]
LY SR e |

[ S S
[S4)

[

431
432 hold on;
433 plot {CuTestTest(:,2),"——");

433 plotc{yTest(:,3});
440 hold on;

441 plot {CuTestcTest(:
442 gitle({'Testi
Hidden MNodes.'}, 'Font
443 legend|
444 xnlabel|
445 ylabel('HNormalissed Hotch Wear', 'FontSize",14);
44g

447 figure;

448 plot {InTestIrx);

44% legend('Sparl
450 x=label('Data
451 ylabel ('Fegularised Sparh ature ', "Font5i 14);
452

453

'; '"MH number % with 13«

tion', "northwest")
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WITH SPARK EVENT

a/09/17 13:53 D:\MATLA...\NN Tests CrossValidation 5E.m 1 of B

[
3

Hd

e

=1y i

D:\MATLESWMain Tests 201l6'\Wear Values for Matlab. e

8 stringWectors = stringlraw(:,[5,10,15,620,25,30,35,401)}

% stringWVectors (ismissing{stringWVectors)) =
10 raw = raw(:, ¥
1,2,3,4,6,7,8,9,11,12,13,14,1¢,17,15,19,21,22,23
5,4L,42,43,44]
11 % B

31,32,33,34,3¢6,37,38, ¢

r to column wariable names

)

0 1

1 VBM({:,i} = datal:,tl;
2

5 &

g [

L I

7 stringWectors = stringiraw(:,[5,10,15,20,25,30,35,401)};
& s T

tringVectors (ismissing {stringVectors)) =
raw = rawi:, ¢
§,%,11,12,13,14,1€,17,18,19, 21,

L

2
2
2
2
24
2
2
2
2
2

L
=

31,32,33,34,3¢6,37,38, ¢

3 VBmax(:,i-1) = datal:,t);
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18/08/17 13:53 D:\MATLA...NN Tests CrossValidation SE.m 2 of B

VBR(:,i) = datal:,t);

T =1t + 4;
end
if i == 15

T =t + 4;

CETL VR (R e =)

end

if i = 15
VBN(:,i-1) = data{:,t);
T =1t + 4;

N onoon N o on on in o in
=1 &y

[T ]

= gscore (VBmax) ;
&2 VBN = zscore (VBH);
£3 % Clear temporary variables

g4 clearvars data raw strim

(=]
LE)
i
r]
ot
H
in

&7 for i

&8 filename = sprintf('RAreal3®0Id.mat’, 1i):

3] Inputs (i) .Area = Importdata{filename) ';
filename = sprintf('Intensity3%0Zd.mac", il;
Inputs (i) .Int = importdata(filename)";

T

filename = sprintf{'Maxirsamm®*02d. mac', i);

Craters(2:12,i) = importdata(filenam=)";
Cratersi(l, i) = 0;

e L By D

ters = zZscore (Craters);

T R
=1 &y
(L]
H
u
1
[
|

oo oo e

[ e N
o
o
o
o

linsar interpolation and generate machining wariables.

i

m
e

i
s = size{Inputs(i) . RArea, l);

a5 t = 0:is/ll):s;
t

a7 Time (i) .tt = [0:{s-1}]";
BE fitobject = fit(t,VBN({:, i}, "linearinterp’); iUse either cubicinterp or¥

as Cutputs (i) .VBN = fewval (fitokject, Time (1

S0 fitobject = fic(t,VBma=x(:,i),"' =arincery

51 Cutputs (i) .VEBmax = feval (fitobject, Tims= (i) .tt);

52 fitobject = fic(t,Cratersi:,i), 'lineari

93 Cutputs (i) .Crater = fewval (Eitcbject, Time (i) .tt);

24 (i) .tt,Craters2 (i) .Crazer, t,Craters(:,1)]; %Use only toe
sva

85 i) .tt,VBmax? (i} .VBmax, t,VBmax(:,1i));

5S¢

57 machining wvariakles and load into the "Input'.
98

95 | i=% 11 i==10

100

101

102
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103
104
105

log

[
o o
[Eea |

[ L L L L
= U (L O I A e LY )

T

=1 &

i il il il il ol i i i el il il i i i i i i i il i i

[EET S  O T  T

oo

o
LS L )
LR

i

134
135
13g
137
138
139
140
141
14z
143
144
145
l4g
147
148
143
150
151
152
153
154
155
158

157

i==lg || i==17
i==13 || i==l4
for k= 1l:s
| i==11 || i==12 || i==17
Value (k) = -1;
} .Feed = Talus";
il
i==2 || 1i==3 || i==¢ || 1i==13 || i==l%
l:s
Value (k) = 0;
Fead = Valus';
il
==T7 || i==10 || i==14 || i==l&
for k= 1l:s
Values (k) = L;
| .Feed = Valus=';
clear Valus;
end
| i==11 || i==le&
|| i==14 || i==1%
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3 of B
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18/09/17 13:33
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[ax]

PEE. L.
{InputsL (i)
{InputsL (i)

LArea

k+Z) ) &&.

= {InputsLii) .Area |
oe SparkEventc (k:s,1) =
o7 count = count + 1;

o9 end

10 Inputs (i) .5E = SparkEvent;

(k-2) *per) && {InputsL (i)
LRrea |

k) ) E& (InputsL (i) .Area(k+l)]

k+3) ) 8&eInputsL (i) .Area (k+4d)

{count + 1) /100;

204

JRraa |

&

k-1

&1

{InputsLii) .Area (k-5) *per) && (InputsL{i) .Area (k-4) *per) && (InputsL (i)
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5 of

230
231
23z
233
234
Z35
236
237
238
239
240
241
z4z
243
I44
245
246
247
248
249

250 %

251 §

252

253
254
255
256
257
258
259
2&0
26l
262
263
ZE4

265

REARRRERELESSY MATRI

% Create matri
% columns to

the

x with

Time stamps

collums

s2 = 0;
for i = 1:17
s = size{Inputs(i) . Area, l);
InputsTotMacCat (s2+1l:s+sZ,1) = Inputs (i} .Area;
5 = size(Inputsii).Int,1);
InputsTotMacCat (s2+1l:s5+s2,2) = Inputs (i} .Int;
s = size (Inputs{i).Cutc,1l);
InpucsTotMacCat (s2+1l:5+s2,3) = Inputs (i) .Cut;
5 = size(Inputs(i).Feed, 1);
InputsTotMatlat (s2+1:5+s2,4) = Inputs (i) .Feead;
5 = size (Inputs (i) .Depth,l);
InputsTotMacCat(s2+l:5+s2,5) = Inputs (i) .Depth;
5 = size (Inputs (i) .RadIm, 1};
InputsTotMacCat (s2+1l:s+sZ,6) = Inputs (i) .RadIm;
s = size(Inputs(i) .5E,L1};
InputsTotMacCat (s2+1:s+sZ,7) = Inputs (i} .5E;
52 = sige (InputsTotMatclat,l);
end
s2 = 0;
for i = 1:17
5 = size (Cucputs (i} .VBH,1);
CutputsTotMatCat {s2+1:5+s52,1) = Cutputs (i) .VEN;

=k + 1;

= size {Cutpucs (i) .VBmax, 1) ;
CutputsTotMatCat {s2+1:5+s52,2)
=k + 1;

= size (Cutputs (i) .Crater, 1);
CutputsTotMatlat {s2+1:s5+s2, 3}
4 E+ 1;

=2 size (OutputsTotMaclac, 1) ;

= Qutputs (i) . VBmax;

Cutputs (i) . Crater;

to record

the random g

rand (4428,1) ;
Li
1;
Li
i
if (i)

InputsCVTrain(k, :) = InputsTotMatCat{i, :};

1:4428
<= 0_8

CutputsCVWTrain(k, =)

E=k+ 1;
elseif 0.5 == x(i) =

ImputsCiWal (j, )

CutputsTotMatCat (i,

=

0.8
= ImputsTotMatCatii, :};
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11 CutputsCVWal{j, =} CutputsTotMacCat (i, -} 7

7 i=3+1;

slze
InputsCWTest(h, :} = InputsTotMatcZatii, :)
CutputsCVTast (h, 1) = CutpucsTotMatlac (i,
h=h+1;

end

end

= La [ O

BestNodes = {(size (QutputsCVlrain,l) 78} -size (OutputsCVIrain,2) )/ (sizew
wputsTotMacCat, 2) +size (CutpucsCiTrain, 2)+1) ;

MinNodes = {{size {CutputsCV¥Irain,l)/3)-size(CutputsCVIrain,2))/ (sizey
wputsTotMatCat, 2)+size (OutputsCVIrain, Z)+1) ;

MidWodes = (({size (CutputsCVIrain,6l) /Z)-size (CutputsCVIrain,2)) /S (sizev
wputsTotMacCat, 2)+size (QutpucsCVIrain, 2)+41) ;

MaxMNodes = (({size {OutputsCVTrain,l))-size (outputsCVTrain,2))/ (sizek’
wputsTotMacCat, 2)+size (QutpucsCVIrain, 2)+41) ;

B S - L I

oo

e N L T B s B I e B I L IS B B B I IS L S ST S 4

L5 T L T T 6 T N I I I O T T T O O Y T Y T T T T Y O L Ty B L AT L NPy L T T T G O L O O O I Y 5}

5% display (BestModes)
80 display {MinWodes);
Bl display (MidModes);
82 display (Ma=Nodes);
B3 prompt = 'What is the maximum number of hidden nodes for ewvaluation? "
84 MaxHEM = input (prompt);
as
BE
a7
BE
) o
50 £ o) ;
91 for i = 1:Ma=HNW
92 ITRum = o + (i/71000};
93 display {ITHum) ;
54 & Set up
95 nin = T; inputs.
5S¢ nhidden = i; % Humber of hidden units.
97 nout = 3; £
98 alpha = 0.01;
99
oo % Create and Initialize network welght wector.
o1 net = mlpi{nin, nhidden, nout, 'linsar", algha);
a0z
303 & up vector of options for the optimiser
304 options = zeros({l,618);
0s options{l) = -1; % This provides display of error wvalues.
o0e options{14) = 1000; % Number of training cycles.
307
308 % Train using scaled conjugate gradients.
309 = [

CutputsCVIrain, 'scg'"); %Alsc use scg
31 [eTr, edataTr, epriorTr] = mlperr {net, InputsCWIrain, QOutputsCVTrain);
MSETr (i, o) = edatalr/(size(InputsCVIrain,l)*1.5};

()
L

[}
[
[N S I S )

vWal = mlpfwdinet, InputsCiVall;

eVal, edataVal, epriocrVal] = mlperr{net, ImputsCiWal, CutputsCWWall;
MSEVal{i,o) = edataVal/{size (InputsCiWfal,l)*1.5};

(X E]
i i
i
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O o ]y

Lo CE I

[ T T S £ TN T T S I T I I B R N B
=1 &y in

W

ST P P T L I I T I I R R A )
[

o

L)
[
[

33z
333
334
335
336
337
338
339
340
341
342
343
344
345
348
347
348
345
350
351
a5z
3Ek3

354

end

il
o
[55

M,I] =

vIzst = mlpfwd(net, InputsCWTest);

MSETest{i,o} = edataTest/{size (InputsCVIlest, l)*1_.5);

min (MSEVal);

Minimums(l,:) = M;
Minimums(2,:) = I;

display{Minimums);

prompt = "What is the best MM n

BN = input (prompt):

prompt = 'What is the best number of nidden nodes? ;

HY = input (prompt)

for o =

1:KN

rng{o):

for

i=1:EM
ITHhum = o + {(i/71000);
display {ITHum) ;

& Set up natw

nin = 7;
nhidden = i;
nout = 3;
alpha = 0.01;

£ inputs.

hidden units.

of weight-decay priocr.

% Create and initisli=ze network weight wvector.
net = mlp{nin, nhidden, nout, "linsar", alghal;

% Set up wector of options for the optimiser.
options = =zeros(l,618);

options{1l) = -1;
options{14) = 1000; % Number

s display of error walues.
g cycles.

% Train using scaled conjugats

net, options, errlog)

CutputsCVIrain, 'scg'); %Rlso use sog

355
3Eg
387
358
359
3e0
3el
3e2
363
Zed
365
3e6
36T
3e8

end
and

figure;

[eTr, edataTlr, epriorTr] = mlperr{net, InputsCVIrain, CQutputsCVIrain);

MSETr2 (i,o) = edataTlzx/(size(InputsCVTrain,l}*1_E};
vVal = mlpfwdinet, InmputsCiWVall);

[eVal, edataVal, epricrVal] = mlperr{net, InputsCiWal, CutputsCWWall;
MSEVal2{i,o) = edataVal/ (size (InpucsCiWVal, 1} *1_E};

vIast = mlpfwd(net, InputsCWIlsst);

MSETestZ (i,0) = edataTest/(size{InputsCWTlest, 1} *1_5};

3€9 plot{yVali:,3)};

207

eTest, edataTest, epriorTast] = mlperr (net, InputsCilest, OutpucsCVTest);

eTest, edatalest, epriocrTsst] = mlperrinet, InputsCVlest, OutputsCUlestc);
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37

37

37 lu= £ Cratzer Wear It mer ith 13
37 1 Valus Locati thwest')

27

27
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ELEE I S

=1 @y i

raw] = xlsresad|
Matlab xlsx', "Shestl”, "C4:RT15");
g8 stringVectors = stringiraw(:,[5,10,15,20,25,30,35,40]1)};
% stringWectors (ismissing (stringWVectors)) = "";
10 raw = raw(:, «
[1,2,3,4,6,7,8,5%,11,12,13,14,1¢,17,15,1%,21,22,23,24,2¢6,27,28,29,31,32,33,34,36,37,38, ¢
35,4L,42,43,447);

15

1g

18

19

20

21

22

23 end

24

25 % Data for second B tes 15 is ommited)

2g [~, ~, raw] = xlsread| Viavie\Deskoop'\Main Tests Z016'\Wear Valuss fory
Matlab . xlsx', 'Shestcl”, "C13:RTE0

27 stringVectors = string{raw(:,[5,10,15,620,625,630,35,401));

28 stringWectors(ismissing{stringWVectors)) = "';

2% raw = raw Iy

[1,2,3,4,6,7,8,9,11,12,132,14,1¢,17,1%8,1%,21,22,23,24,26,27,28
35,4L,42,43,447);
30 % Create output v
31 data = reshaps([raw{:}],
32 % Allocate imported arra
33 ¢t = 1;
34 for i = 10:18
as if i <= 15
=13 VBmax(:,i) = datal:,t);
= T =1t + 4;
38 end
a9 if i == 1&
a0 T =t + 4
41 end
4z if i » 15
43 VBmax(:,i-1} = data(:,t);
44 T =t + 4;
45 and

,32,33,34, 36,37, 38, ¢

r to column wariable names

48 =nd

a7 © = 4;

48 for i = 10:18
a3 if i <= 15

209



APPENDIX XI — FULL TEST DATA NETWORK ALGORITHM

20/08/17 10:53 G:“\Main Tests 201e‘\Neural Network V1i.m 2 of 10

VBH(:,i) = datal:,t)s

T =1t + 4;

end

if i == 15
T =t + 4

end

if i = 15
VBH(:,i-1) = datal:,t);
T =1t + 4;

end

Lo R ]

=1 &y

and

o NN in N on in in on onon

oo

VBmax = zscore (VBmax);
VBN = zscore (]

[xy]
ra

% Clear tempora

!

g4 clesarvars data

67 for i
&8 filename = sprintf('Areali%lId. mat”,
B3 Inputs (i) .Area = Importdata (filename) ';
filename = sprintf('Intensity3%02d.mat", i);
Inputs (i) .Int = importdata(filename)";
filename = sprintf(|'Maxbresmm%02d. maz', i);
Craters(2:12,1i) = importdata (filenams)";
Craters(l, i) = 0;

i):

|
'

LT B

-1 o= -d

raters = zZscoore (Cratsrs);

e e |
=1 &y i
1o

moom
oo
™~
o
o ofF
o
ot ol
oo
o
ot ol
oo
o
B
ot
ot ol
B
o
ot ol
o
ot ol

i
5 = size{Inputs (i) .Area,ll);

as t = 0:is/1ll):s;
t

0:{s-1}1";
fic(t, VBN({:,i), "lin

B3 Cutputs (i) .VEN = fewval (fitobject, Time (i
fitobject = fic(t,VBmax(:,1i), 'linsarincerp’);

Cutputs (i) .VBmax = fewval (fitobject, Time(i).tt):
fitobject = fic(t,Cratersi:, i), "linesar )
Cutputs (i) .Cracer = fewval (fitobject,Time |

rs2 (i) .Cracer, t,Craters (2,1} ); &0se only tof

L e N Y )

LET SR R e ]

& figure; .tt,CratersZ 1 . 5
=va
95
Sg
97 "Input” .
58
95
100
101 Talue (k) = -1;
102 end
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10

i==l6 || i=17

i==13 || i==14
114 for k = 1:s

[ | [
=1 &y

for k = 1:s

A ]

=1 oy

end

[l el ol ol ol ol el el ol el i i i il

[ SR S I I S S S I

oo
o

if i= 1 || i==2 || i==3 || i==¢ || i==13 || i==1
130 for k = 1:s
Talue (k) = J;

[
[ov]
[

132
133 Inputs({i} .Feed = Talu=";
134 clesar
135
13c
137
138
135
140
141
laz
laz
144
14z
l4g
147
lag
143
150
151
152
153
154
155
156
157

| i=11 || i==1e
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1c0 for k = 1l:s

les for k = 1l:s
170

195 % Flaki

158 per
fori=1

count = 0;
5 = size{InputsL{i} .Area, l};
or ko= £:D(s-4)
if (InputsLi{i) .Area (k-5) *per) && ({InputsL{i) .Area (k-4) *per) && (InputsL (i) . e
rhE&. .

SparkEvent = zeros(s,l);
=

{InputsLi{i) .Area (k-2) *per) && (InputsL{i)} Area {k-1) *per) = ...
{InputsL (i) .Area (k) }&s (InputsLi{i) Area(k+l)}&s (InputsL (i} .Areas’

k.
{InputsLii) .Area (k+3) ) &&Inputsl (i) .Aresa (k+d4)
SparkEvent (k:s,1l] = (count + 1)/7100;
count = count + 1;
end

Inputs (i) .SE = SparkEwvent;
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213 RERRRRERRLRER LR R R ER LR RN LR RN R SR RN AR AR AR R LR LR AR LR LR ALY
214 %%%%%%%%% CGENERRL MRTRICES FCE TRARINING, VALIDRTICH AND TESTING %%E%diasiids

L4193
Zle 1 columns .
217 second;

211 the 17
= 11
({number 15

14 and 17 (18 in the takle array) of L9 &

I
I
L
Fl G o o of o o o

3.3.3.1

222 TotalBizes = 0;

223 for i = [ 2 34578 %10 12 13 14 15 17 ]
zz4 s = size(Inputs(i) .hrea,l);

225 TotalSizes = TotalSizes + s;

22 =nd

227 % Build training inputs matrix

228 InmputsMacTrain = zerosi{TotalSizes,€);

225 Inc = 0;

230 fori=[ 23 4578 %10 12 13 14 15 17 ]

=r

I3
[Eu]
[

noE e

= gize{Inputs (i) .Area, l);
233 InpucsMatTrain(Inc + 1l:Inc + s
234 =k + 1;

235 5 = size({Inputs({i) .Int,1);

Z3g InpucsMatTrain(Inc + 1l:Inc + s
23T =k + 1;

238 5 = size{Inputs (i) .Cut, 1),

235 InpucsMatTrain(Inc + 1l:Inc + s
240 =k + 1;

z241 5 = size(Inputs (i) .Feed, 1);
Iaz InpucsMatTrain(Inc + 1l:Inc + s
4z k=k+ 1;

a4 5 = size(Inputs (i) .Depth, 1)
245 InputsMatTrain(Inc + 1l:Inc + s
24g =k + 1;

247 s = size({Inputs (i) .Radlm, 1)
248 InpucsMatTrain(Inc + 1l:Inc + s
43 k= + 1;

250 5 = size(Inputs (i) .5E,1};

251 InputsMatTrain(Inc + 1l:Inc + =
252 =k + 1;

253 Inc = Inc + s;
254 end

% Build training o
CutputsMatTrain = zeros {TotalSizes, 3);

k) = Imputs (i) .Area;

k) = Imputs{i) . Int;

k) = Imputs (i) .Cuc;

k) = Inputs (i) .Feed;

L&) = Inputs (i) .Depth;

k) = Imputs (i) .RadIm;

k) = Imputs(i) .BE;

Inc = 0;

8 fori=[23 4578 %1012 13 14 15 17 ]

3 k=1;

2el 5 = size({Cutputs (i) .VBH,1l);

2l CutputsMactTrain{Inc + l:Inc + s,k} = Cutputs (i) .VBH;
262 k=k + 1;

283 5 = size({Cutputs (i) .VBmax,1l);

Zed CutputsMactTrain{Inc + l:Inc + s,k} = Cutputs (i) .VBmax;
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20/09/17 10:53 G:\Main Tests 2016\Neural Network Vi.m & of

10

265 k=k + 1;

Zeg 5 = size{Cutputs (i) .Crater, 1l);

287 CutputsMactTrain({Inc + 1l:Inc + s,k) = Cutputs(i).Cratcer;
268 k=k + 1;

269 Inc = Inc + s;

for i = [ 11 1§ ]
5 = size(Inputs (i) .Area,l);
TotalSizes = TotalSizes + s;

''''' QL= aTIr1X

MatWal = zero otalSizes, g);

k= 1;

s = size(Inputs (i) .Area,l);

InputsMatVal (Inc + l:Inc + s,k) = Inputs{i) Area;
=5k + 1;

5 = size{Inputs({i) .Int,1);

InputsMatVal (Inc + l:Inc + s,k]} = Inputs{i) .Int;
=k + 1;

5 = size{Inputs (i) .Cut,l);

InputsMatWal (Inc + 1l:Inc + s,k) = Inputs({i) .Cut;
=k + 1;

5 = size{Inputs({i) .Feed, 1];

InputsMatVal (Inc + l:Inc + s,k)} = Inputs{i) . Fead;
=k + 1;

5 = size{Inputs(i) .Depth,1);

InputsMatVal (Inc + l:Inc + s,k] = Inputs(i) .Depth;
k=k + 1;

5 = size{Inputs (i) .RadIm, 1};

InputsMatVal (Inc + l:Inc + s,k] = Inputs(i) .RadIm;
=k + 1;

5 = size{Inputs (i) .5E, 1);

InputsMatWal (Inc + 1:Inc + s,k) = Inputs({i) _SE;

zeros (Total8izes, 3) ;

12 k= 1;
13 5 = size({Cutputs (i) .VBH,1);
314 CutputsMatVal {Inc + 1l:Inc + s,k} = Cutputs (i) .VEN;
315 =k + 1;
316 5 = size{Cutpucs{i} . VBmax,1l);
317 CutputsMactVal {(Inc + 1l:Inc + s,k} = Cutputs (i) .VBmax;

=k + 1;
5 = size{Cutpucs{i) .Crater, 1);

a3 Dl
rifie
o
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EoR SR B e )

=1y

LEL 8 I L O L T R
LR T 6 N TN O R O S T i I i D S I )

[T ]

367
368
369
370
371
372
373
374

CutputsMactVal (Inc + 1l:Inc + s,k) = Cutputs (i) .Cracer;
k
Inc = Imc + s;

=

=k + 1;

I
m
H
=1
53

= size{Inputs(i) .hArea,l);

TotalSizes = Totalfizes + s;

inputs matrix

InputsMatTest = zeros (TotalSizes, &) ;

Inc

for

InputsMatTest (Inc + 1l:Inc + =

k
5

[V H
=[18]1]

size {Inputs (i) .Area,l);

£} = Inputs(i) .Area;
=k + 1;
= size{Inputs(i) .Int,1);

InputsMatTest ({Inc + 1:Inc + s,k} = Inputs(i).Int;

k
5

=k + 1;
= size{Inputs (i) .Cut,l);

InputsMatTest {Inc + 1:Inc + s,k} = Inmputs(i).Cut;

k
5

InputsMatTest (Inc + 1l:Inc + =

k
5

=k + 1;

= size{Inputs (i) .Feed, 1);

k} = Inmputs(i).Feed;
=k + 1;

= gize{Inputs(i) .Depth, 1},

InputsMatTest {Inc + 1:Inc + s,k} = Inputs(i).Depth;

k
5

=k + 1;
= size{Inputs (i) .RadIm, 1};

InputsMatTest {Inc + 1:Inc + s,k} = Inputs(i).RadIm;

k
5

=k + 1;
= size{Inputs (i) .5E,1};

InputsMatTest (Inc + 1:Inc + s,k}) = Imputs(i).SE;

k

Inc

ild

=k + 1;
Inc + s;

OUTpUTS mMatrix

CutputsMatTest = zeros(TotalSizes, 3);

Inc = 07

for

?Tl?l.rlh"?ll.rlh'"?lnh‘l-'-

[ 1 6]

size (Cutputs{i) VBN, 1);

tputsMatTest (Inc + 1:Inc + s,k) = Cutputs (i) _VBHR;
E+ 1;

size {Cutpucs (i) .VBmax, 1) ;

putsMatTest (Inc + 1l:Inc + s5,k) = Cutputs (1) .VBma=x;

£+ 1;
size {Jutpucs (i) .Crater,1);

putsMatTest(Ine + 1l:Inc + s5,k) = Cutputs (i) .Crater;
£+ 1;

ot
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37s Inc = Inc + =57

376 end

77

378 BestModes = {(size(OuctputsMatTrain,l)/8)—size (QutputsMatTrain, 2]}/ (sizew’
{(InputsMatTrain, 2) +size (CutputsMatTrain, 2)+1) ;

379 MinNodes = (({size {JutputsMatTrain,l) /3)-size (CutputsMatTrain, 2} )/ {sizey’

{(InputsMatTrain, 2)+size (CutputsMacTrain, 2} +1) ;

380 MidNWodes = (({size{CutputsMatTrain,l)/2)-size(CutputsMatTrain, 2}) ./ {siz= ¥
{(InputsMatTrain, 2) +size (CutputsMatTrain, 2)+1) ;

381 MaxModes = ({size (OutputsMatTrain,l)})-size (OutputsMatTrain,2))/ (size¢
{(InputsMatTrain, 2)+size (CutputsMatTrain, 2} +1) ;

382 display{Bestlodes);

383 display {MinlNodes);

384 display (MidNodes);

385 display {Ma=lNodes);

386 prompt = 'What is the maximm number of hidden nodes for evaluation? ;
387 MaxHEN = input (prompt);

388
389
350
351

392

3
] or i = 1:MaxHN

L ITRum = o + {i/1000};
7 display {ITHum] ;

g & Set up network parameters.

5 nin = 7; % Numb of inputs

0 nhidden = i; % Humber of hidden units.

1 nout = 3; % Humber of

2 alpha = 0.01; & Coe= ay prior

L I e I = Ve B Ve B U Y s R Y w BN o)

L R S ST Y S SO S O IR I VR e ]

4 % Create and initialize networl
=1 net = mlp{nin, nhidden, nout,
L1

7 & Set up of

options = zeros{l,18);
options{1l) = -1;
options {14) = 1000;

W s
[ -l

e
e

it
I

% Train using scaled conju

it
I

[net, options, errlog) =
putsMatTrain, "scg'l; %Rlsc use sog

vIr = mlpfwd{net, InputsMatTrain);

[eTr, edataTr, epriorTr] = mlperr{net, InputsMatTrain, CutputsMatTrain);

MSETr(i,o) = edatalTr/(size(InputsMatTrain, L}*1_5};

E) s
PRS-
[ s B I E T R I N ]

vWal = mlpfwdinet, InputsMatVal);
[eWal, edataVal, epricrVal] = mlperr{net, InputsMatVal, OutputsMatiVal);

I e N
I
=1 &y i

MSEVal (i, o) = edataVal/{size {InputsMatWal, 1} *1_5};

v¥Test = mlpfwdinet, InputsMatTest);

[eTest, edataTest, epriocrTest] = mlperr(net, InputsMatTest, ¥
putsHatTest) ;

[ R S
E’ [ RS o I T 5 §
R =]
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424
425
428
427
428
423
430
431
43z
433
434
435
438
437
438
435
440
441
442
443
444
445
44g
447
448
443
450
451
452

453

end

MEETest {i,o} = edataTest/(size(InputsMatTest, 1} *1.5)};

prompt = '"What is the best NN numker [1 1017 -
BN = input (prompt);

prompt = '"What is the best number of nidden nodes? H

HY = input (prompt):

for o =

1:KN

rng {o} ;

for

i=1:HN

ITHum = o + {i/1000);
display {ITHum) ;

& B2t up network paramsters.

nin = 7; % Mumber of inputs.

nhidden = i; % Number of hidden units.

nout = 3; % Number of s.

algha = 0.01; & C £ of weight-decay prior.

% Create and initialize network weight wector.
net = mlp{nin, nhidden, nout, 'linsar", alpha);

% Set up wector of options for the optimiser.
options = zeros(l,618);
options (1) = -1;
options (14) = 1000;

o

n using scaled conju g
[net, coptions, errlogl] = netopt{net, options, InputsMatTrain, ¥

CutputsMatTrain, "sog'l; %klsoc use scog

454
455
458
457
458
453
4e0
4el
482
483

vIr = mlpfwd{net, InputsMatTrain);
[eTr, edataTlr, epriorTr] = mlperr {net, InputsMatlrain, CutputsMatTrain);
MEETr2 (i,o) = edatalr/(size (InputsMatTrain,l)*1._5);

yvwal = mlpfwd(net, InputsMatVal);
[eVal, edataVal, epricrVal] = mlperr (net, InputsMactVal, CutputsMatVall;
MEEValZ{i,o} = edataVal/(size (InputsMatVal,l)*1_5);

vIlest = mlpfwdinet, InputsMatTest);
(eTest, edataTest, epriorlest] = mlperr (netc, InputsMacTest, «

CutputsMacTest) ;

464
4E5
11
487
4g8
4g3
470

=nd
and

figure;
plot (¥l
hold on;

471 plot {CutpucsMatVWal (-, L1}, "——");

MEETestZ (i,o0) = edataTest/ (size{InputsMatTest,l)*1.5);

fali:,1}}¢

Hidden Nodes.'}, "FontSize',14);

474

75 wlabel ("Hotch Wear

#label ('

Hetwork Predictic

al Valuss', "'Location', "northwest')

i} ints",
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APPENDIX XI — FULL TEST DATA NETWORK ALGORITHM

20/09/17 10:53

G:\Main Tests 2016\Weural Network Vi.m

10 of 10

47¢ figure;

477 plot{vWali{:, 2}};

478 hold on;

475 plot {CutpucssMatVal (z,2),"—-");
480 % title({'Validation

Hidden Hodes. '}, "Fo
481 legend('Net
482 x=xlabel ("Data Points
483 wlabel ('Flank Wear", 'FontSize",14);
484 figure;

485 plot{¥Vali:,3)};

486 hold on;

487 plot {CutpucsMatVal (z,3),"——-");

£

values o

488 % title({'Validat of
Hidden Nodes.'}, "Fon
48% legend('Network 12l Valuss'

430 =label ("Data EPo
4591 wlabel ('Crater Wz
452

453 figure;

494 ploti{vIest(:,Ll});
435 hold on;
4%¢ plot {Cutpu
4537 % le(f

csMacTesc(:, 1), '——");

£

zitle|

49% =label ('
500 ylabel('H
501 figure;
502 ploti{vTesti:,2});

503 hold on;

504 plot {CutpucsMatTesc(:,2),"'—")1;
505 % title({'Validation

Hidden Nodes.'}
50€ legend('Netw
507 =label ({"Data Points
508 wlabel ('Flank Wear®",
50% figure;

510 plot{yTest(:,3});
511 hold

£

r
v

Hidden MNodes. '}, "Fon
514 legend('Netw
515 =label ('Data Poi
5lg wlabel ('Crater Wear'
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Crater Wear."; "NH number 5
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Hotch Wear.'; '"HN number % with 13«
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Flank Wear.'; 'HN number 9 with 13¢

, 'Location', "northwest')
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APPENDIX XIl — PHOTOS OF APARATUS SET-UP IN THIRD SET
OF EXPERIMENTS

e Camera set-up.

e Inconel 718 workpiece mounted and prepared with square shape for testing.
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APPENDIX XIl - PHOTOS OF APARATUS SET-UP IN THIRD SET OF EXPERIMENTS

e Cutting tool.
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