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Abstract

The abrasive waterjet machining process needs to be improved to increase its adop-

tion in industry. The wear of the mixing tube affects cutting performance and must

be considered for accurate machining. Frequent downtimes and subsequent costs can

deter AWJ adoption. A wear monitoring system can help improve efficiency and

lower costs by allowing for scheduled maintenance and better resource management.

This thesis aimed to develop a framework for a real-time tool condition monitoring

system that can predict mixing tube wear. Data collection challenges were identi-

fied to achieve this, and a data collection framework was designed. Wear time and

a range of indirect sensor data was collected using the proposed methodology and

analysed. The use of machine learning was explored to predict the mixing tube’s exit

diameter, a commonly used and direct measure of wear, and to classify the tool state

using a 10% exit diameter growth as a wear threshold. Machine learning was used

as the problem involved analysing indirect sensor data, which presented challenges

such as non-linearity and multivariate relationships that are better addressed by ma-

chine learning techniques than traditional analytical methods. The performance of

machine learning algorithms using only the sensor data was compared with simpler

linear algorithms trained on recorded wear time. The sensor-based machine learning

approaches were outperformed by the wear-time-based linear models when evaluated

under controlled experimental conditions where variations such as part changes were

not considered. For exit diameter prediction, 0.023 and 0.01 root mean squared error

scores were obtained for machine learning and linear approaches respectively. For

tool state classification, 0.7 and 1.0 F1-scores, which represent the harmonic mean

of precision and recall, were obtained for machine learning and linear approaches re-

spectively. However, a hybrid approach using machine learning models trained on

both sensor and wear time data was found to achieve the best performance under

changing conditions. In conclusion, this thesis proposed a foundation for building a

tool condition monitoring system for the abrasive waterjet mixing tube.
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Chapter 1

Introduction

Automation can improve the efficiency and precision of cutting processes while low-

ering costs. Tool condition monitoring (TCM) is a method that can help address

automation challenges in machining. TCM can enhance sustainability, productivity,

and the final quality of machined components. Abrasive waterjet (AWJ) machining

is one technology that can benefit from TCM and needs to be improved for better

adoption in industry. This thesis aims to develop a framework for building an abrasive

waterjet TCM system. The goal is to lay the foundation for tool path compensation

and more accurate and sustainable AWJ machining.

In this thesis, the term “framework” refers to a structured, step-by-step approach

for developing a real-time TCM system tailored for AWJ machining. This framework

provides a clear methodology for data collection, data processing and model training,

along with practical guidelines for implementation. These guidelines can be adapted

to suit the unique requirements of different AWJ systems and users. The framework

aims to bridge the gap between academic research and industrial applications by of-

fering a clear, actionable method for developing predictive wear models. A framework

for AWJ TCM is provided in the conclusions chapter.

This chapter introduces the AWJ process, followed by the idea of TCM and the

challenges the industrial partner faces that this thesis aims to address. The motiva-

tions for the research are then discussed before the aims and objectives are presented.

Finally, a brief thesis outline is presented.
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1.1 Background

1.1.1 Abrasive waterjet (AWJ) machining

AWJ machining is a non-conventional cutting process. Cutting is manufacturing by

removal of material [1]. Cutting performed using an automated machine, referred to

as machining, is usually applied to parts in the near-net form as a final finishing oper-

ation before assembly or application. Unlike conventional machining methods, which

involve direct physical contact between the tool and the workpiece, non-conventional

machining refers to systems that do not have contact between the tool and the work-

piece. Laser, electric discharge, ultrasonic and AWJ machining are all examples of

non-conventional methods. The advantage of non-conventional processes is that they

can cut hard and brittle materials, often with less damage to the workpiece and sig-

nificantly reduced consumable costs compared to conventional cutting processes that

use cutting tools.

The AWJ, patented by Dr Hashish in 1987, works by mixing abrasives with a high-

velocity water stream [2]. Modern waterjets have multi-axis machining capabilities.

Six-axis robotic arm and up to five-axis gantry systems are commercially available.

A typical AWJ system, as seen in Figure 1.1, includes the nozzle, water catcher tank,

intensifier pump and abrasive feeding system. In this thesis, “nozzle” refers to the

AWJ cutting head unless otherwise specified.

Figure 1.1: A schematic of a typical AWJ system and its key components.
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Water is first supplied to the intensifier pump, where the water pressure is in-

creased. Water is next brought to the nozzle through high-pressure tubing. Inside

the nozzle, the water passes through three key components: the orifice, mixing cham-

ber (MC) and mixing tube. The orifice first focuses the high-pressured jet of water.

Next, abrasive particles are introduced from the abrasive tank to the MC, with the

abrasive feed rate controlled by a metering disk in the abrasive tank. Finally, abra-

sives are mixed and accelerated by the water in the mixing tube before the jet leaves

the nozzle. The water jet can then carry out the machining of the workpiece before

the catcher tank collects the debris and dissipates the jet’s energy.

The jet consists of a three-state flow of water, abrasives and air. When the AWJ

is first switched on, a high-velocity water jet leaves the nozzle which removes some

air from the MC [3, 4]. This creates vacuum, pulling air to the nozzle from the air

inlet [4–6]. After the vacuum is established, the air can then act as a carrier for the

abrasive particles when the operator switches on the abrasive supply. The water,

abrasives, and air mixture then exit the tube, with the jet expanding horizontally

into a cone.

The AWJ can generate high pressures of 6000 bar and has two common machining

operations: cutting and drilling. Cutting refers to the process of removing material

to form a desired geometric feature, while drilling is a specific process where a hole

is created in a workpiece, employing either single location perforation or using the

trepanning method.

The defining feature of AWJ machining is the use of abrasive particles. The most

preferred abrasive in the industry for machining composites, metal, and glass is nat-

urally occurring garnet [7, 8]. Garnet materials are a group of silicate minerals often

used as abrasives [9, 10]. The main type of garnet used for abrasive application is

almandine, which is Fe rich, due to its higher hardness and density relative to other

garnet minerals [9–11]. Garnet effectively cuts a wide range of materials, leads to

comparatively low mixing tube wear, doesn’t produce harmful by-products and can

be recycled. Garnet is a cost-effective and environmentally friendly choice for many

applications [12, 13]. For extremely hard materials such as carbides or ceramics,

harder abrasives such as aluminium oxide (Al2O3) may be required for effective ma-

chining as machining with garnet, although possible, would be relatively slow [8]. The

use of Al2O3 abrasive leads to faster mixing tube wear due to it’s higher hardness

relative to garnet [7, 14].

The AWJ has several advantages over other non-conventional processes. It is non-

chemical, non-thermal and non-electric, so it can machine a broad range of materials
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without altering their physical properties. As a result, surface defects such as heat-

affected zones and thermal cracking are completely eliminated [15]. Unlike laser and

electric discharge systems, AWJs can machine reflective materials such as aluminium

and non-conductive materials such as plastics and ceramics [16]. In addition, the AWJ

has earned the label of a green machining process as it typically only uses water (non-

toxic, readily available, and easily disposed of) and garnet (a non-reactive, biologically

inert mineral) without producing toxic vapours common in composites machining or

requiring lubricants which may impose health and safety issues [12, 15, 16].

A popular use case for AWJs is for machining composite materials such as carbon-

fibre-reinforced polymer (CFRP). The AWJ has been used in many aircraft CFRP

component machining applications. Some example components include [17]:

• Boeing 777: horizontal stabilisers

• Boeing 787: wing skins, vertical stabilisers, centre wing box, fixed leading edge

• Airbus 350XWB: wing spars

• Bell Helicopter V-22 Osprey: wing skins

Unique challenges are encountered when machining CFRP compared to conven-

tional materials such as metals. Coolant application is problematic because the fibers

can absorb moisture, leading to degraded mechanical performance of the finished part

[18]. However, without coolant, tool-workpiece friction in conventional machining can

cause thermal damage and matrix degradation [19]. In addition, carbon fibres are

extremely abrasive, contributing to elevated tool wear rates [18]. Direct physical

contact between the tool and the composite workpiece can produce further damage,

such as delamination and fibre pull-out [18]. Hence, AWJ machining may be preferred

over conventional machining methods, as it eliminates the need for traditional coolant

application, limits thermal damage through cold cutting, and avoids direct contact

between the tool and workpiece. While the jet of water does come into contact with

the workpiece, its high-velocity impact leads to only momentary exposure, minimising

the risk of moisture absorption.

Despite many listed advantages, the AWJ process has drawbacks. The process

has high maintenance requirements and can struggle to hold dimensional accuracy,

especially for thicker parts. Jet energy dissipates with increased part thickness, re-

sulting in a cone with a wider exit compared to entry. This width deviation may be

reduced by lowering the machining rate, which increases the machine running cost,
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or by angling the tool to achieve a straighter edge on one side of the workpiece. As

a result, the waterjet is often reserved for use on “difficult-to-cut” components [16].

As the shape of the water jet is controlled by the waterjet tool (the nozzle), the

condition of the nozzle is the major factor that influences the dimensional accuracy

and process’s maintenance challenges.

1.1.2 Tool wear

One of the most important challenges in machining is the constant wear of tools.

Tool wear refers to the gradual material loss of the tool due to regular operation.

Tool wear is critical as it directly impacts the quality of the machined component. In

AWJ machining, tool wear affects the precision and kinetic energy of the jet, reducing

machining accuracy and surface quality [20, 21].

For AWJs, the tool is the nozzle, pictured in Figure 1.2. The nozzle has three

key components: the orifice, MC and mixing tube. The orifice is typically 0.1 to 0.5

mm in diameter, with the diameter of the mixing tubes 2.5 to 5 times greater [7]. All

three key nozzle components experience wear, however each component wears at a

different rate. The lifespan of a typical commercial mixing tube, such as the ROCTEC

100 made by Kennametal’s Rapid Omnidirectional Compaction (ROC) process [22],

is approximately 50-100 hours when used under standard operating conditions with

garnet abrasive [20]. The useful lifetime of the orifice varies, but if the recommended

diamond material is used, lifetimes of 1000 hours are expected provided water is

filtered and the water quality is good [23–25]. Finally, it is recommended that the

MC be replaced every 500 hours, as this is standard industrial practice.

This thesis focuses on the wear of the mixing tube, which is the shortest-lived

component. It experiences accelerated wear relative to other nozzle parts due to the

high-velocity flow of large particles (relative to mixing tube internal diameter (ID))

in a narrow space, resulting in an erosive environment [7].

Mixing tube replacement costs play a significant role in waterjet economics, and

improvements in wear monitoring are required for the growth of the technology [14]. It

is not uncommon to have machining tools replaced prematurely in industry, with 20-

50% of their useful life still remaining [26]. This methodology is known as preventative

maintenance, the alternative to which is TCM or predictive maintenance.
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Figure 1.2: A schematic showing key components which make up the AWJ tool - the
nozzle. The schematic includes an additional MC entry, which is part of some nozzle
designs used for connecting vacuum assist technology or a pressure sensor.

1.1.3 Tool condition monitoring (TCM)

TCM is a vital aspect of modern manufacturing. TCM refers to using systems and

technologies to monitor and assess the condition of tools in manufacturing processes.

The main aim of TCM is to detect the wear and failure of the tool. TCM is used

in machining to ensure tools are in optimal condition to reduce costs and increase

production efficiency [27].

TCM can be carried out via either a direct or indirect approach. The direct ap-
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proach measures the actual tool wear. Due to practical limitations, direct methods

can often only be carried out by removing the tool and inspecting it in a laboratory.

Practical limitations include poor illumination, use of cutting fluid and access prob-

lems during machining [28]. Indirect methods on the other hand, rely on measuring

auxiliary variables via sensors, for example vibration, acoustic emission and tempera-

ture, during a machining process. The tool state and process conditions can influence

these variables, and appropriate sensors can be used to measure them. The tool state

can then be inferred from the measured data. To create an indirect TCM system, the

following steps are used:

1. Attach sensor(s) to the machine and collect data.

2. Process the raw data and create features.

3. Feed the features to a decision-making system to make an inference.

After collecting data, the first step usually involves processing the raw sensors’

signals to create usable features [29]. A “feature” refers to an individual measur-

able property of the observed signal, for example, the average vibration over a time

period. Ideally, these features correlate with the tool condition. After the features

are created and before the tool state is inferred, these features can be evaluated by

a decision-making system [28]. For the decision-making system to make accurate

predictions, a learning algorithm must be provided that is capable of performing a

pattern association task that can map features to the appropriate tool state, such as

a worn tool or a tool in good condition [29].

For AWJ mixing tube monitoring, direct monitoring methods include measuring

the weight loss, measuring the exit diameter through either pin gauges or microscopy

techniques, and studying the bore profile through destructive longitudinal sectioning

or through radiometric techniques [14, 20, 21, 30]. The exit diameter and weight

measurements are both non-destructive and simple to perform. Unlike weight loss

measurements, exit diameter measurements do not require removing the mixing tube

from the nozzle. However, all direct methods are inherently intrusive, lead to machine

down time and disrupt the process.

Direct TCM methods have a high degree of accuracy, while indirect approaches

are more practical but may lack accuracy [28, 31]. Indirect methods are usually

considered more practical as they can be used online, continuously detecting changes

to the measured signal. The constant signal observation allows indirect methods to

be automated and carried out in real time. On the other hand, direct methods can
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only be carried out intermittently and after process interruption, which is inefficient

in terms of cost and time [31]. In addition, with a direct method, tool failure cannot

be determined until after the machining cycle is completed, so potential damage, to

the part being machined, cannot be prevented.

Considering the advantages of indirect TCM, the question remains as to why

it is not yet widely applied. This question can be answered by understanding the

challenges around indirect approaches. First, to build a monitoring solution, data has

to be collected. The data collection comes at a cost. Collecting tool wear data usually

entails expensive machining trials, especially when the collected data must include the

full wear progression of the tool to capture the tool’s failure point and observations

during the full life cycle. The data trials are not only expensive but can also be

time-consuming. Second, sensors used to collect the data and eventually monitor

the process can be expensive and difficult to set up, with their data challenging

to interpret. The sensors must also be non-intrusive to the machining process and

capable of functioning online without interruption, sometimes in a harsh environment.

They cannot restrict the working space and must be relatively maintenance-free and

easily installed [31]. The sensors should also be versatile and capable of monitoring

the tool condition under different process parameters. Finally, there is the challenge

of designing the data collection trials. Not only are the scope, cost and sensor setup

challenges considered at this stage, but also the potentially large input parameter

spaces for different use cases must be accounted for, as well as the validation strategy

for the proposed indirect system.

It’s important to remember that indirect TCM aims to accurately predict the tool

condition. This is not guaranteed before the expensive data collection takes place. As

a result of this and the challenges described above, the application of indirect TCM

in industry is challenging and rare.

1.2 Industrial context

The University of Sheffield Advanced Manufacturing Research Centre (AMRC) is a

research centre working on machining, composites and future manufacturing needs.

The centre bridges the gap between cutting-edge research and the day-to-day needs

of industry. AMRC-sponsored Engineering Doctorate (EngD) research helps address

problems framed by industrial members. An EngD is a four year long programme

that offers PhD-level research. An EngD differs from a PhD by having a greater

practical focus on industry outcomes over literature contributions with an additional
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requirement that the projects are based around a real business case identified by

an industrial partner. The EngD also has a significant taught component, with the

EngDs offered by the Industrial Doctorate Centre at AMRC combining a first year

of taught modules and background research with three subsequent years structured

similarly to a traditional PhD.

The EngD research behind this thesis started from a problem framed by several

AMRC members. It was identified that the AWJ process had to be improved to

bring it closer to finishing rather than predominantly roughing operations for CFRP

machining1. In many sectors, including aerospace, the machined components’ final

dimensional accuracy and surface finish are critical for the application. AWJ’s tool

path compensation capability must be developed to bring the AWJ technology closer

to a finishing operation capable of producing higher-quality parts. A significant and

unavoidable challenge affecting tool path compensation capability is tool wear. Tool

wear monitoring requires development to address this. Currently, tool path compen-

sation offset is measured by incrementally cutting a small test piece, measuring its

dimensions, and calculating the difference between set and measured dimensions in a

time-consuming process [32]. If the wear of the mixing tube is known or predictable,

the tool offset may be inferred automatically. Mixing tube wear detection systems

must therefore be developed as a foundation for smarter tool path compensation.

In addition, there is an increased demand for smart manufacturing with the transi-

tion to Industry 4.0 and the growth in machine learning. Process monitoring research

is becoming progressively more important. No condition monitoring of mixing tube

wear is currently in place for AWJ machining at the AMRC. Instead, mixing tubes are

either replaced based on a preventative maintenance strategy or not monitored until

a deterioration in the workpiece surface quality or machined dimensions is observed.

This approach results in increased costs and wasted material. An online monitoring

system of wear state is required, capable of continuous tracking in real-time.

1.3 Research motivation

In recent years, with the advent of the Internet of Things, there has been a surge in

connected devices such as sensors, which has led to an explosion in the quantity of

generated data [33]. The growth in computing power has also allowed more complex

algorithms to be used for extracting insights from this generated data.

1Roughing involves removing the bulk of excess material from a workpiece while a finishing
operation gets the workpiece to its final precise dimension with a desired surface finish.
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For AWJ machining, research has focused on assessing the application of the avail-

able indirect sensors for their ability to differentiate between a worn and an unworn

tool [34–41]. The research demonstrated that multiple sensors, via an indirect ap-

proach, can potentially monitor the AWJ process online in a non-intrusive manner.

However, the ability to predict wear online using these approaches has seen limited

research. Mohan et al. and Kim et al. took steps towards real-time process monitor-

ing, but the approaches used had several limitations with no clear validation being

performed [42, 43].

There is therefore a research gap in exploring the predictive capability of different

indirect TCM methods. It is also unclear whether sensors can be used to predict the

extent of tool wear in AWJ machining.

To develop a TCM system, data must be collected to build a model capable

of inferring tool wear during machine operations. The specific challenges of data

collection of the AWJ process have not been previously addressed, which may be

the reason for a lack of research on TCM in AWJ machining beyond determining

if a sensor has predictive potential. Therefore, a second research gap is present in

developing a data collection system for building a monitoring application for the AWJ

process, which addresses the present challenges.

Several challenges exist. First, the online system must be non-intrusive and capa-

ble of functioning without process interruption. Second, any indirect approach used

must be able to function in a harsh waterjet environment, which includes high hu-

midity (within the AWJ enclosure) and potential water and abrasive spraying during

machining. Third is the challenge of a large input parameter space, which includes

water jet, abrasive, and workpiece-specific parameters. Any proposed solution must

be able to account for these and operate effectively under different parameter sets.

Finally, considering a typical mixing tube has a life of 50-100 hours when using garnet

abrasive, any data collection process which accounts for the full extent of tool wear

can quickly become time-consuming and expensive [20].

Despite these challenges, a data collection framework must be developed to trans-

late research into industry application in AWJ machining. Collected data could then

be used to develop a process monitoring system. The research presented in this the-

sis aims to address the research gap in developing a data collection framework for

building a monitoring application for the AWJ process and exploring the predictive

capabilities of different indirect sensors in predicting mixing tube wear. The goal is

to understand whether it is possible to predict the wear of the mixing tube.
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Data collection framework design will address the mentioned challenges. Acceler-

ated wear trials, using Al2O3 abrasive instead of garnet, will be used together with

inexpensive sensors, with the aim of designing a feasible system for use in industry.

The use of accelerated wear trials will be evaluated in their effectiveness for building a

process monitoring solution for systems experiencing regular wear, with garnet. Data

for this research is collected on industrial AWJ machines, ensuring findings represent

real-world operating conditions.

Machine learning will be used as a tool to predict wear. Machine learning is se-

lected for use as a decision-making system for TCM for multiple reasons. First, for a

complex problem with a fluctuating environment such as AWJ TCM, that may oth-

erwise necessitate a lot of fine-tuning with a traditional solution, machine learning

requires less code, lower maintenance and can be automated during implementa-

tion[44]. Machine learning will be compared against simpler predictive approaches,

such as using linear regression (LR) based on total tool wear time. While machine

learning is an attractive tool, a simple solution can sometimes be more reliable and

preferred, as simpler solution outputs are normally easier to interpret [27]. In addi-

tion, many stakeholders don’t trust machine learning solutions, as they are seen as

“black-box”, and this approach will help evaluate whether it is worth investing in

machine learning and an inherently more complicated setup [45].

This research has the potential for several technical impacts. First, it will estab-

lish a novel framework for mixing tube condition monitoring, which will serve as a

foundation for tool path compensation and more accurate AWJ machining in a drive

towards smarter manufacturing. This may help with AWJ adoption in industry. In

addition, multiple sensors will be compared in their applicability for AWJ wear mon-

itoring. This will help users of the process monitoring framework understand which

sensor, or combination of sensors, is best to invest in. By studying the internal wear

progression of the mixing tubes under multiple abrasives, previous research can be

validated, and the wear process can be better understood.

From the economic and societal perspective, there are some additional potential

impacts from this research. First, developing the AWJ machining solution helps

improve an environmentally friendly machining process. By increasing the chances

of technological adoption in industry, the environmental damage in industry may be

reduced. Furthermore, developing a sustainable mixing tube replacement strategy

with a dynamic end-of-life will allow users to get the maximum lifetime out of their

tools - further improving the sustainability of the AWJ solution.
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Finally, the research presented in this thesis will help address a research gap and

help bring the process monitoring AWJ research closer to the manufacturing floor.

At this stage, it is important to acknowledge that this is a complex problem. The

objective of this EngD is not to develop a product that can be installed on any machine

- the scope of this is too large. Instead, the objective is to develop a framework for

building a mixing tube TCM system, acting as a foundation for creating a tool path

compensation system.

1.4 Aims and objectives

The hypothesis of this thesis is that indirect sensor data from an accelerated wear

trial can be used to accurately predict AWJ mixing tube wear using machine learning

to reduce downtime and improve the sustainability of the process.

The aim of this thesis is to design a framework for building a mixing tube process

monitoring system for the AWJ machining process. To achieve this aim, there are

several objectives:

• To review the current literature on AWJ mixing tube wear and TCM develop-

ment, to identify gaps in existing research.

• To develop a data collection methodology for building a dataset of indirect

sensor data, which can then be used to train a model to infer mixing tube wear.

• To select suitable and inexpensive sensors for the data collection methodology

that do not interfere with the machining process.

• To build a dataset using the designed methodology and explore changes in data

with changing mixing tube wear.

• To study the wear progression of mixing tubes by studying the exit wear pro-

gression and internal wear profiles.

• To compare garnet and Al2O3 abrasives regarding the shape, size, density and

flow to validate their similarities reported in literature, and to determine if

accelerated wear with Al2O3 is comparable to regular wear with garnet.

• To explore the performance of different machine learning algorithms in their

ability to both predict the exact mixing tube exit diameter in a regression task

and to classify the state of the tool in a classification task using data from

inexpensive sensors.
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• To evaluate the feasibility of using machine learning and indirect data collection

by comparing performance against simpler methods relying on monitoring total

wear time.

• To assess whether machine learning models trained on data from accelerated

wear trials can be used to make accurate predictions on mixing tubes worn

using regular wear. In other words, can data be collected using a faster process

to develop models that would be applicable in industrial conditions?

• To apply model explainability approaches on the best performing machine learn-

ing models to gain an insight into the relationships between individual features

and model predictions.

1.5 Thesis outline

• Chapter 1 presented top-level AWJ and TCM background, discussed the indus-

trial context and research motivations and provided the aims and objectives of

this EngD.

• Chapter 2 reviews relevant research on AWJ mixing tube wear, challenges as-

sociated with monitoring mixing tube wear and the development of a TCM

system.

• Chapter 3 first outlines the designed experimental methodology for the data col-

lection trials before explaining each decision made. Sensor selection, an overview

of collected data and the experimental setup are also discussed.

• Chapter 4 presents preliminary trial results. Within the chapter, the data collec-

tion methodology is evaluated, and the machine learning workflow is discussed.

• Chapter 5 includes data analysis of all collected data after the main trial was

conducted. First, abrasive and mixing tube wear data that were collected after

the main trials is presented and discussed. Next, the main trial experimental

sensor data is visualised and explored for insights.

• Chapter 6 investigates using supervised machine learning for tool wear predic-

tion and tool state classification. The effectiveness of using accelerated wear

mixing tube data in making wear predictions on industry-worn mixing tubes is

presented. Model explainability is explored. Finally, the effect and mitigation

of data drift is discussed.
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• Chapter 7 ties the designed methodology and explored monitoring strategies

together to summarise their effectiveness, proposing a framework for building

a TCM system for the AWJ machine. The chapter summarises the research

findings and contributions to the field before discussing possible future research

directions.
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Chapter 2

Literature Review

After presenting the industrial context and motivation for this research, it is important

to provide an overview of the literature to date and explain where this work fits

within it. This chapter will review mixing tube wear and how to develop a wear

monitoring system. The reviewed steps include selecting appropriate sensors, signal

processing, and machine learning techniques. The main objective is to gain a better

understanding of how wear occurs within mixing tubes and to explore and compare

different ways of recording, monitoring, and predicting wear.

2.1 AWJ nozzle design

The AWJ nozzle design must be considered before exploring mixing tube wear to

understand how parts further upstream have an impact on the mixing tube. A

breakdown of the AWJ nozzle’s key components, the mixing tube, orifice and MC

was provided in Figure 1.2 in Chapter 1. A more detailed breakdown of additional

components making up the AWJ nozzle and important issues associated with each

one was created by Hashish and is presented in Figure 2.1 [25]. The additional com-

ponents will not be addressed in this thesis, however their design parameters will be

briefly discussed.

The Ultra High Pressure (UHP) water tube has to be fatigue resistant and cor-

rectly sized in order to produce a coherent jet [25]. The orifice holder has to withstand

deformation under high-pressure loads and ensure accurate placement of the orifice

for good orifice alignment[25]. A UHP seal has to be used in the orifice holder to seal

the orifice. The seal is used to make sure no water leaks below and around the orifice

which can greatly affect the orifice holder lifetime and the quality of the water jet

[25]. The UHP seal keeps the pressure sealed during cutting, with wear to the part

leading to leaks and a loss of UHP in the system, which may also result in pressure
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Figure 2.1: A schematic, created by Hashish, of the key components making up the
AWJ nozzle, with a breakdown of important issues associated with each one [25].

inconsistencies [46]. The collet has to be accurately produced as it serves the impor-

tant role of precisely holding the mixing tube in the nozzle body. Finally, the body

of the nozzle provides the port connections for abrasive entry and potential additions

such as a sensor for monitoring parameters downstream of the orifice or a vacuum

assist part [25].

Vacuum assist is an additional vacuum suction part which can be added to the

nozzle assembly. The concept was developed by Hashish et al. to draw more air

to the nozzle and provide a more effective abrasive-carrying capacity [47]. Vacuum

assist was designed for addressing challenges in precision drilling of small holes in

fragile materials. Vacuum assist eliminates lag time between starting the jet of water

and abrasives arriving in the MC, by establishing abrasive flow to the nozzle prior to

starting the waterjet [25].

For the three main AWJ components, Hashish notes several important design

considerations [25]. The orifice has to be fluid flow erosion resistant, must produce a

coherent jet and be resistant to chipping from the impact of small particulates [25].

The MC requires a hard liner to reduce wear from the rush of abrasives entering

the nozzle [25]. Finally, for the mixing tube, a conical area upstream is required to

facilitate abrasive entry, and careful alignment with the orifice is crucial to ensure

even wear [25]. The orifice is normally 0.1 to 0.5 mm in diameter, with the mixing

tube diameter 2.5 to 5 times greater, to maintain an optimum mixing and cutting
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performance [7, 14, 20, 24, 48–50].

2.2 Mixing tube wear

The AWJ functions by accelerating abrasive particles through the mixing tube part

of the nozzle. The waterjet velocity can reach 850 m/s [51, 52], with individual

abrasive particles capable of reaching around 80% of the waterjet’s velocity [53]. This

high-velocity water and abrasive flow, through a relatively narrow tube, leads to an

erosive environment and thus mixing tube wear. The abrasives, while mixing with

water, continuously impact the internal mixing tube walls, changing the mixing tube

profile, progressing towards and eventually increasing the exit diameter [7, 20].

The lifetime of an AWJ mixing tube depends on numerous factors, but for a

typical tube used in industry, such as the ROCTEC 100, around 50 to 100 hours of

total useful life can be expected [20]. However, mixing tube lifetime is application-

dependent, with precision drilling having a lower tolerance for wear compared to

rough cutting [7]. If generalising, 10% exit diameter growth is within the tolerable

limit, even though some applications may allow higher wear up to 25% [7].

Hashish observed two general wear patterns that can occur during mixing tube

wear, as shown in Figure 2.2 [7]. A divergent wear pattern is observed if the abrasives

are significantly harder than the mixing tube material [7, 25]. For example, when a

soft mixing tube material is used, such as steel, with hard abrasives such as garnet or

Al2O3. When the mixing tube is made of a hard material such as tungsten carbide,

a convergent wear pattern occurs instead [7, 25].

Hashish also characterised the two dominant wear modes which occur within the

mixing tube [7]. The two wear modes are abrasion at the downstream sections and

erosion by particle impact at the upstream section of the mixing tube [7]. Abrasive

wear is wear by material displacement caused by hard particles [54]. Erosive wear is

the loss of material from a solid surface caused by the impact of abrasive particles

[54].

The findings by Hashish are consistent with erosion models reported by Bitter,

which suggest that two different material removal mechanisms cause wear by solid

particle impact: a combination of abrasion and erosion at shallow impact angles and

erosion at large impact angles (greater than 20o) [7, 55, 56]. At the upstream sections,

Hashish suggested that particles have velocity components that are not parallel to the

wall, as abrasives enter at different speeds and angles [7]. Consistent with Bitter, at

these upper sections, larger impact angles will dominate, and therefore higher erosion
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Figure 2.2: Possible wear patterns of AWJ mixing tubes – as observed by Hashish [7].
When using hard abrasives like garnet, a mixing tube made of hard material exhibits
a convergent wear pattern, whereas a mixing tube made of soft material exhibits a
divergent wear pattern.

wear would occur [55, 56]. At the downstream sections, Hashish suggested that the

velocity vectors of the particles become parallel with the tube, assuming the tube’s

length is sufficient to allow the shallow angle impact to dominate towards the tube

exit, which leads to a combination of abrasion and erosion [7].

The work by Hashish and Bitter helps to understand the reasons behind the

observation of different wear patterns observed in AWJ mixing tubes [7, 55, 56]. At

the upstream tube sections, where large-angle impacts dominate and greater erosion

occurs, ductile and tough materials such as steel are likely to be more resistant to

wear compared to brittle and hard materials such as tungsten carbide. Downstream

of the mixing tube, harder materials are better suited to resist abrasion, as they

will better resist shallow angle impacts. Considering these wear modes, a convergent

pattern indicates that the mixing tube material threshold for hardness is greater
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than its threshold for toughness [25]. Convergent wear will therefore be observed for

harder materials that better resist abrasion wear, and a divergent wear pattern will

be observed for materials that better resist erosion wear.

Ramulu et al. investigated the wear performance of tungsten carbide tools [57].

The research supported the wear modes observed by Hashish [7]. The authors longi-

tudinally sectioned two worn mixing tubes in half via electrical discharge machining

(EDM) and studied the inner profile via microscopy. The authors found that at the

mixing tube inlet, erosion wear dominated, followed by erosion to abrasion transition

in the mid-section of the tube and a combination of erosion and abrasion towards the

tube exit [57].

For mixing tubes experiencing the convergent wear pattern, wave zones have been

reported along the internal mixing tube profile [7, 13, 14, 48, 57–59]. Figure 2.3, taken

from Kennametal’s ROCTEC mixing tube brochure presents an example representa-

tion of the wave zones [59]. Simulation work carried out by Chen et al., Mingming et

al., Kamarudin et al. and Long et al., which included abrasive particle tracing, may

explain this phenomenon [60–63]. The studies observed that abrasives introduced to

the mixing tube have a large velocity difference between the waterjet and individ-

ual abrasive particles. Due to the presence of many local turbulent vertices at the

beginning of the mixing process, the abrasive movement is disorderly and results in

collisions with the mixing tube wall while the particle is accelerated down towards

the tube exit. The particle circumferential movement would gradually decrease as

the abrasive particles merged with water. Supporting Hashish’s theory on particle

velocity vectors at different points in the mixing tube [7].

The conclusions are also supported by experimental evidence observed by Ramulu

et al. on sectioned mixing tubes [57]. The authors found that oscillating wear de-

creased towards the mixing tube exit, attributing this to a decrease in the turbulence

of the waterjet slurry (abrasive, water and air mixture).

Kennametal, the manufacturer of the ROCTEC mixing tubes, has also reported

that the wave pattern observed can help understand if the waterjet is functioning

as intended [59]. “Functioning as intended” refers to having an orifice that is well

aligned with the mixing tube and having both the orifice and MC in good condition

[59]. If the jet is misaligned, the stream will hit the tube wall, diminishing the cut

quality and reducing the mixing tube life, causing an irregular inner tube profile to be

observed [59]. The ROCTEC brochure states that a “good tube wear” pattern is one

which is both “concentric and consistent from entry to exit showing a wave-like wear
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Figure 2.3: A schematic of the wave zone wear pattern expected to form during
convergent wear of AWJ mixing tubes. The wave pattern is denoted by black curved
lines along the tube’s internal profile [59].

pattern” [59]. Examples of different wave patterns that can be observed on mixing

tubes are presented in Figure 2.4.

Figure 2.4: Longitudinally sectioned mixing tubes, showing examples of internal wear
profiles under worn orifice or MC (top tube), orifice misalignment (middle tube) and of
good consistent and concentric wear (bottom tube) taken from a ROCTEC brochure
[59].

Hashish noted that the wave pattern observed inside the mixing tubes is more

pronounced when the ratio of orifice diameter to mixing tube diameter is relatively

low, resulting in stronger jet oscillations and lateral impacts [25]. In addition, Hashish

noted that mixing tube misalignment could lead to blowout wear at the mixing tube

exit, with the jet leaving the tube from its sidewall [25].

Unlike for conventional machining, where cutting edge radius is crucial, gradual

mixing tube wear does not lead to sudden drops in performance [64]. However, mixing
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tube wear has several negative effects on the machining process. Hashish reported

that wear affects the efficiency of momentum transfer between the abrasives and

water, which could reduce cutting performance [7]. Moreover, increases in the exit

diameter due to wear affects the width of the cut and therefore machining precision

[7, 65]. Nedic et al. found that an increase in the mixing tube working time led

to more pronounced roughness of the machined surface for multiple materials [66].

Perec et al. and Hashish also found that increasing the exit diameter of the mixing

tube increases the kerf width of cut, in a linear increasing trend [13, 67]. The kerf

width is the variation in width of cut between the bottom and the top of a machined

component. Kerf affects the surface finish as well as the required tolerance of the

machined part [68, 69].

Finally, Hashish found that increasing the mixing tube diameter affects the power

density of the jet [50]. A narrower mixing tube has a higher power density which leads

to better cutting performance, with a faster volume removal rate, better depth of cut,

narrower width of cut, and reduced surface waviness [50]. This suggests that a worn

mixing tube with a larger exit diameter will have a lower power density compared to

an unworn tube, which would result in lower performance.

2.3 Challenges of indirect monitoring of mixing

tube wear

Data has to be collected to build an indirect monitoring system. There are several

challenges associated with collecting data for the wear of the AWJ mixing tube. First,

wear has to be measured in a repeatable and feasible manner. Wear measurements

have to be performed using a direct method (as defined in Chapter 1) to build a

monitoring system which uses an indirect approach. Second, data has to be collected

for the entire tool life in order to capture the full extent of wear. The mixing tube has

a relatively long life, and the data collection process can, therefore, become expensive

in terms of time and cost. Finally, there is the challenge of a large input parameter

space, which can further complicate and extend the data collection process.

2.3.1 Measuring mixing tube wear

There are several direct methods of measuring mixing tube wear. Different approaches

can be split into several categories; measuring the exit diameter, measuring the inner

profile and measuring the weight. The exit diameter can be measured via pin gauges

and optical microscopy [20, 21]. The inner profile can be measured via destructive
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longitudinal sectioning, radiometric techniques and epoxy casting [14, 21, 30, 70]. In

addition to measuring the exit diameter and the profile of the tubes, the weight of

the tube can also be used to measure wear [14, 20, 21].

Exit diameter measurements fail to capture the wear progression from the top

of the tube. For tubes experiencing a convergent wear pattern, this is particularly

relevant as the wear progresses from tube entry down towards the exit. Therefore,

the exit diameter may fail to reflect the true extent of wear throughout the entire

tube length, potentially leading to underestimations of wear severity. In addition,

Nanduri et al. argued that exit diameter measurements are not a reliable indicator

of mixing tube performance and wear [14, 20]. Instead, the authors suggested weight

loss measurements are a better alternative, as weight loss has a linear correlation

with mixing tube life unlike exit diameter measurements which are non-uniform. A

limitation of this research is that the authors measured the exit diameter using pin

gauges with incremental steps of 0.025 mm [14, 20]. The plots presented by the

authors, shown in Figures 2.5 and 2.6 , where a “non-uniform” and non-linear wear

progression was observed, have this non-linearity in steps of 0.025 mm. If pin gauges

of a smaller diameter, for example 0.01 mm, were used instead, the authors may

have come to a different conclusion. In addition, since the exit diameter correlates

with machining quality, whether the pattern is linear or not does not disqualify the

applicability of the method, provided it detects wear and can be used to build a

monitoring system.

Figure 2.5: (a) Exit diameter increase and (b) nozzle weight loss of 76 mm long
WC/Co mixing tubes worn using garnet abrasive. The mixing tubes had a starting
ID of 1 mm. The figure is reproduced from Nanduri et al. [20].

The exit diameter measurements, via the pin gauge approach, are simpler and

faster to perform in contrast to other methods. The pin gauge approach is also the
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Figure 2.6: (a) Exit diameter increase and (b) nozzle weight loss of 76 mm long
ROCTEC 100 mixing tubes worn using Al2O3 abrasive. The mixing tubes had a
starting ID of 1 mm. The figure is reproduced from Nanduri et al. [20].

most practical as it is non-destructive and does not require any special preparation

or laboratory equipment or the mixing tube to be removed from the machine. In

addition, the pin gauge method does not cause a potential health risk due to radioac-

tivity, unlike radiometric techniques [38]. The increase in exit diameter is also related

to cutting performance, as it directly impacts multiple machining attributes, such as

the width of cut and kerf [7, 13, 67]. Therefore, the exit diameter is an appropriate

metric to monitor without necessarily detailing the exact wear profile.

Pin gauges can still be used to get an idea of the wear profile, for example, by

using progressively larger pin gauges to build up a wear profile plot of different pin

probing depths, such as the ones developed by Nanduri et al. seen in Figure 2.7 [14,

20]. However, this approach has several issues. First, it’s more time-consuming as it

requires removing the mixing tube from the machine and gauging the entrance of the

mixing tube with multiple gauges. Second, mixing tubes come at varying lengths, and

pin gauges may not be long enough, adding to the complexity of the setup. Finally,

the pin gauges will fail to capture the wave pattern caused by wear, so the developed

profile won’t be completely accurate.

2.3.2 Accelerated wear of mixing tubes

A second challenge of data collection of wear for the AWJ process is the long life

of the mixing tubes, which can lead to expensive data collection trials. A potential

solution to this challenge is to accelerate the wear process. Accelerated wear can be

carried out using either a soft mixing tube material (relative to abrasive) or harder

abrasives [7, 21]. In industry, garnet abrasive together with tungsten carbide mixing
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Figure 2.7: Changes to a tungsten carbide mixing tube’s internal profile between 0
and 3 hours of wear, measured using progressively larger pin gauges from the top of
the mixing tube. The figure is reproduced from Nanduri et al. [20].

tubes, such as the ROCTEC 100 created by Kennametal, are a common combination

as they offer good cutting efficiency and an extended tool life [12–14]. For accelerated

wear, a harder abrasive material such as Al2O3 or a softer mixing tube material such

as steel are used.

The challenge of accelerated wear trials is maintaining a similar mixing tube wear

profile between accelerated and regular wear. When developing a monitoring sys-

tem, it is important to have representative wear. Garnet and tungsten carbide tube

combination produces a convergent wear pattern [7]. Using a softer mixing tube ma-

terial would not be suitable in replicating the wear process, as this would result in a

divergent wear pattern being observed instead [7].

Hashish found that replacing garnet with Al2O3 may be a suitable alternative, as

Al2O3 has a higher hardness but a similar density and particle shape [7, 50]. Particle

shape and density are important. In a numerical study, Long et al. found that

both properties may affect the velocity of the particles [63]. A less rounded shape

of the abrasive (decreasing shape factor) and a lower abrasive density were found to

result in higher particle velocity [63]. This means that abrasive particles will have

more kinetic energy when travelling through the mixing tube if they have a lower

shape factor and a lower density, potentially impacting the material removal inside

the mixing tube. However, this may need further validation, as results were observed

up to a density of 3500 kg/m3 for which particle velocity remained unchanged after
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a density increase [63]. Meanwhile, the densities of Garnet and Al2O3 are 4100-4300

kg/m3 and 3900-4100 kg/m3 respectively [13, 58].

On the Mohs hardness scale, garnet has a hardness of 7.5-8, while Al2O3 has a

hardness of 9. While wearing the mixing tube with Al2O3 will result in a convergent

wear pattern, the higher hardness of the abrasive will lead to a greater degree of

abrasion wear being observed [7]. Hashish et al. suggests that the contribution to

erosion from both particles should remain similar [7]. The effectiveness of accelerated

wear trials for a more feasible data collection process should therefore be assessed to

see if data collected during an accelerated wear trial can generalise1 to data from a

regular wear trial despite differences in wear contributions.

Taggart et al., conducted research into using accelerated wear trials [71]. The

authors found that using the harder abrasive on 76 mm long ROCTEC 100 mixing

tubes with a 1.0 mm diameter at 365 MPa water pressure, 0.33 mm orifice diameter,

80 mesh abrasive and an abrasive flow rate of 7.6g/s resulted in the exit diameter

growth rate increasing by almost 60 times from 0.00529 mm/hr for garnet, which was

worn at a higher pressure of 379 MPa, to 0.305 mm/hr for Al2O3 [71]. Nanduri et al.

completed further accelerated and regular wear tests of tungsten carbide tubes using

Al2O3 and garnet abrasives [14, 20]. The authors concluded that the relative wear

rates for both methods correlate well. This suggests that during the convergent wear

pattern, the wear reaches the exit at a steady rate and wear is therefore relatively

similar for both abrasives, albeit faster for Al2O3. This suggests accelerated wear

trials are a suitable approach for tackling the data collection challenge of time and

cost.

Perec et al., found that the wear difference between garnet and Al2O3 abrasive

is not as great as shown by Taggart et al., with a 16 times exit diameter wear rate

increase under the accelerated approach [13, 71]. The input mixing tube and orifice

parameters between the two researchers were not the same, which may have con-

tributed to the observed difference. Perec et al. presented cross-sectioned images of

the mixing tubes, which appear to show poor wear that is not concentric and con-

sistent, as described in Figure 2.4 [13, 59]. This suggests the jet was poorly aligned,

and the wear was irregular, which also may have impacted the researchers’ results.

Perec et al. observed that the particle size distribution for two different Al2O3

abrasives remained either unchanged after wear or had a slight reduction in median

1The term generalise is often used in the machine learning community when referring to a model’s
ability to perform well on new, previously unseen data rather than solely on the data it was trained
on. In this case, the ability for data from an accelerated wear trial to make inferences from patterns
seen during regular mixing tube wear.
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particle size by approximately 15 µm [13]. This suggests little particle breakdown

for the material. Meanwhile, in a separate study, Perec et al. found that garnet

under the same pressure and with similar orifice and mixing tube dimensions had

significant particle fragmentation [58]. The findings may contradict the observations

by Hashish that the contribution to erosion from both abrasives should be the same

[7]. Al2O3 may after all contribute more to erosion wear further along the tube

as the particles may not fragment, maintaining their original size compared to the

fragmenting garnet. This hypothesis is as yet untested. However, experimental and

quantitative findings from slurry flow systems, where larger particles lead to higher

erosion rates (as demonstrated by Lynn et al. and Clark et al.), may offer insight into

the potential behaviour of non-fragmenting abrasives in abrasive waterjets [72, 73].

2.3.3 Abrasive waterjet input parameters

Another challenge of monitoring mixing tube wear is the broad range of input pa-

rameters available in AWJ machining. To monitor wear indirectly, data has to be

collected using different parameters that may be applied by the user. Otherwise, the

system may struggle to infer wear under new unseen conditions. The parameters

that contribute to mixing tube wear can be split into two groups: process and design

parameters [50]. The parameters and their effect on the wear rate are summarised in

Table 2.1.

When designing a data collection system the extended list of input parameter

options, summarised in Table 2.1, may become a challenge. However, studies have

been undertaken to examine some of the possible variables. Literature shows that

increasing the mixing tube length decreases the wear rate [7, 14, 50]. But, Hashish et

al., argued that increasing the mixing tube length only delays the wear reaching the

exit bore (during convergent wear), while the jet properties may still deteriorate [7].

However, Nanduri et al. found that increasing the length decreases the mixing tube

weight loss rate per unit length as well [14].

Longer mixing tubes result in lower jet exit velocities due to increased frictional

losses, as can be measured by Reynolds number and friction factor calculations. This

reduced velocity could decrease the rate of material removal per collision and poten-

tially reduces the overall wear rate of the tube. The relationship between tube length

and wear characteristics can be hypothesized based on the idea that as the length

increases, the abrasive jet loses more energy to friction, thereby reducing its erosive

power. This phenomenon is supported by collected data from Nanduri et al., where
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Table 2.1: Parameters affecting the mixing tube wear rate. Up/down arrows indicate
that increasing the parameter value increases/decreases the wear rate.

Parameter Name Effect of Increasing
Parameter on Wear
Rate

Additional Notes

Design Parameters
Mixing tube to orifice diam-
eter ratio

- Ratio between 2.5 and 5 provides
optimal cutting and mixing con-
ditions [7, 14, 24, 48–50].

Orifice diameter ↑ [25].

Mixing tube length ↓ Slower exit bore growth with in-
creasing length [7, 14, 50].

Mixing tube material hard-
ness

↓ Abrasive material dependent,
however generally, higher ma-
terial hardness leads to greater
wear resistance. [7, 57, 74, 75].

Orifice and mixing tube
misalignment

↑ Misalignment causes accelerated
and uneven wear [25, 32, 59, 76].

Distance from orifice to
mixing tube

↑ [25, 77].

Mixing tube inlet angle - Higher inlet angles may lead to
uneven wear, however generally
no effect [14, 25, 78].

Process Parameters
Abrasive material hardness ↑ [7, 14, 20, 71, 75].

Abrasive material density ↓ Results observed during a numer-
ical study and not experimentally
confirmed [63].

Abrasive particle size ↑ Larger particles have a higher ki-
netic energy and produce larger
impact forces [7, 50, 75]. How-
ever, this effect is mixing tube
material dependent [25, 50].

Abrasive particle shape fac-
tor

↓ Results observed during a numer-
ical study and not experimentally
confirmed [63].

Abrasive flow rate ↑ Increases wear rate, without
changing wear pattern [14, 48,
50].

Waterjet pressure ↑ [14, 25, 50, 65].
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the mixing tube weight loss rate per unit length decreases with increasing tube length

[14].

Consequently, tube length is a critical parameter in AWJ machining that impacts

the longevity of the mixing tubes. However, it is important to note that it’s a complex

system and additional factors outside jet velocity can influence wear rates. For exam-

ple, Hashish et al. suggested that longer tubes may wear slower due to the abrasive

particles having their velocity vectors align parallel to the mixing tube wall along the

tube length, assuming the tube length is sufficient to allow for this [50].

Process parameters are abrasive-dominated. It is often the case that the waterjet

user uses the same abrasive of the same size, therefore the key variable is water

pressure. Water pressure changes may lead to increased particle fragmentation which

may not only impact the wear rate but also the wear profile [14, 50]. Whether water

pressure changes affect the wear profile is important to understand. This may become

an additional challenge for data collection considerations for a process monitoring

system, that is aiming to maintain a similar profile in the TCM system development

as in production. Hashish et al. found that for garnet abrasive, increasing pressures

beyond 207 MPa did not result in further significant fragmentation of particles [65].

Therefore, particle fragmentation beyond this pressure should not affect the wear

profile.

Nanduri et al. found that for Al2O3 abrasive, up to 310 MPa water pressure, the

mixing tube weight loss rate increased, but between 310-359 MPa began to plateau

[14]. However, the range considered was limited up to 359 MPa, clearly further pres-

sure increases should be considered. The work by Nanduri et al. nevertheless sug-

gested that beyond approximately 310 MPa water pressure, wear becomes consistent

inside the mixing tube for the Al2O3 abrasive.

Water pressure increase can also result in a reduced jet coherency which may

impact the wear profile [65]. A coherent jet refers to a focused jet exhibiting minimal

dispersion or deviation from its path. However, Hashish and Yanaida suggest that for

orifice diameters greater than or equal to 0.381 mm, jet coherency may not deteriorate

further with increasing water pressure beyond 350 MPa [65, 79]. This is due to

the “critical Reynolds number” threshold (as defined by Yanaida) of 460,000 being

crossed, indicating a transition in the jet’s behavior where its core region length

relative to its diameter becomes independent of variations in the Reynolds number.

Suggesting that increasing water pressure beyond 350 MPa should not impact the

wear profile due to jet coherency provided the orifice diameter is greater or equal

to 0.381 mm. However, this conclusion is subject to limitations as the theoretical
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model by Yanaida considered only water and air flowing through the tube without

abrasive particles [79]. Addressing the presence of large abrasive particles, relative

to the mixing tube’s internal diameter, flowing in a fluid along a tube remains an

unresolved challenge in fluid dynamics research [80].

To better understand the effects of different parameters on both abrasive and

erosive wear, it can also be helpful to study wear models. Ramulu et al. acknowledged

that wear models for the inside of an AWJ mixing tube have not been proposed.

Instead, the authors suggested using well-established wear models, which, although

not definitive, can help explain the wear mechanism inside ceramic tubes [57]. For

abrasive wear, an appropriate model, which assumes all cracked material is removed,

was proposed [81]:

V̇ ∝ P1.5 Kc
−0.5H−0.625

(
E

H

)0.8

(2.1)

where V̇ represents the volume of material loss per unit length, P stands for the

applied load and Kc and is the fracture toughness of the mixing tube, H represents

the mixing tube hardness and E is the mixing tube material elastic modulus.

For erosive wear, the proposed model was [81]:

εv ∝ v2πd4

12

(
Eρ/K2

c

)
(2.2)

where εv represents the volume of material removed per impact, v is the impact

velocity and d and ρ are the diameter and density of the abrasive particle, respectively.

From equation 2.1 and 2.2, it can be noted that pressure changes contribute to

higher volumes of material removal for both abrasive and erosive wear, as increases in

pressure would increase the applied load as well as the impact velocity. In addition,

the choice of abrasive particle is significant, as increases in both density and particle

size can result in greater erosive wear. The implications from these equations therefore

support the earlier suggestion by Hashish to use Al2O3 abrasive, for accelerated wear,

as a substitute for garnet, due to it’s similar density and shape [7].

From experimental data, an additional model was deduced for the volume removed

by a single particle by Nanduri et al. [14]:

V ∝ (v sinα)1.9d3.28
(
Hp

Ht

)7.12

K−1.3
t (2.3)

where V is the volume removed by a single particle, v, d, Hp, are the particle velocity,

diameter, and hardness, respectively, α is the impact angle and Ht and Kc are the

target material hardness and fracture toughness, respectively.
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Unlike equations 2.1 and 2.2, equation 2.3 developed specifically for the AWJ cut-

ting process, acknowledges that the ratio of particle hardness to mixing tube material

hardness is also significant in defining the volume removal.

2.4 Developing a tool condition monitoring system

When developing an indirect TCM system, there are several key steps to consider.

Abellan-Nebot et al. summarised these steps in a machining monitoring systems

review [82]:

1. Sensors: which sensors to use? Take into account the cost, reliability and how

intrusive the sensor is.

2. Signal processing: how to process the raw sensor signals?

3. Feature generation: which features to create? The raw signal has to be trans-

formed into more useful “features” for a model to learn the relationships within

the data. For example, time domain and frequency domain features may need

to be created.

4. Feature selection: which combination of the created features is the most mean-

ingful? This step can help develop a reliable and robust model.

5. Design of experiments: which experiment design is needed for modelling the

process accurately? An effective approach is required to collect enough infor-

mation for creating a monitoring system which can function in industry while

keeping the cost and time required to a minimum.

6. Artificial intelligence (AI) technique: what AI method to select for modelling

the process? A model which can learn the relationships between features is

required. Dataset size, desired model accuracy, and the model nature may

influence model selection.

Some of the challenges facing the design of the experiments step have already

been addressed in the previous section of the literature review. The remainder of this

chapter will focus on the other steps.
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2.4.1 Sensor selection

The first challenge in developing an indirect AWJ TCM system is the sensor selection.

For AWJ machining, the sensor approaches can be split into three groups: monitoring

the workpiece response, focusing on the jet of water, or focusing on the nozzle itself.

Several authors have focused on measuring the workpiece response. Kovacevic

et al. used a dynamometer to record the normal force experienced by a workpiece

when machined with mixing tubes of a different wear state [30]. The authors found

that wear correlated with increasing normal force observed, and severe wear can be

detected with this approach. Hreha et al. used an accelerometer mounted directly

on a steel workpiece and varied the mixing tube diameter [83]. The authors found

that the RMS of the signal has the potential to detect wear as the amplitude peaks

were seen to shift in the range between 100 and 200 Hz with changing mixing tube

diameter. The work indicates that monitoring the workpiece response may be a viable

solution for mixing tube wear detection. However, this approach of monitoring the

workpiece directly has limitations. First, the response is workpiece dependent and

therefore not robust. Second, as is the case with the approach used by Kovacevic et

al., it’s not practical - as the dynamometer may be damaged [30]. For the method

described by Hreha et al., the approach is limited as it does not offer automated

wear monitoring, as the sensors will need re-attaching to each new workpiece for wear

detection [83].

A second sensor approach is to monitor the jet of water itself by observing the jet

diameter. The jet diameter is influenced by water pressure, mixing tube wear, orifice

condition and the alignment between the mixing tube and the orifice [32, 84, 85].

Prijatelj et al. used a through-beam optical vision system to detect the changes in

focusing tube exit diameter [32]. While successful, the approach was shown to have

a major practical limitation for monitoring applications. As the authors noted, the

harsh environment of the AWJ machine meant the jet spray and abrasive sticking

would cover the lens [32]. The lens would therefore need frequent cleaning, which

would result in process intervention rendering this method impractical for online

monitoring.

The final sensor approach is to focus on the nozzle itself. Kumar et al. found that

an accelerometer attached to the nozzle can successfully detect differences in mixing

tube diameters [34]. The authors observed that with increasing exit diameter wear,

the dominant frequency amplitude tended to increase [34]. Jegaraj et al. also used an

accelerometer mounted on the nozzle and found that this method can also be used to

monitor the condition of the orifice [24]. Copertaro et al. were successful in detecting
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changes in signal response from mixing tube wear with two accelerometers attached

to the mixing tube, however the methodology used had practical limitations as it

required the mixing tube to be machined to attach the sensors [41]. For an online

monitoring application, this additional required machining step will add to the cost

of the process.

Kovacevic et al. utilised temperature measurements via an infrared thermographer

aimed at the mixing tube [35]. The study found that with increasing wear the mixing

tube temperature peak will shift towards the tube exit and the peak temperature

would decrease, due to a reduction in frictional forces between the internal mixing

tube wall and the jet of water. The results are complementary to the data obtained

by Bauer et al., who found that a worn mixing tube would result in a lower observed

maximum mixing tube temperature [40]. Bauer et al. also found that changing the

condition of the orifice from new to damaged would result in a temperature decrease,

suggesting the orifice condition could also be monitored via optical thermography

[40].

Zeng et al. showed that a vacuum sensor attached to the abrasive supply hose can

be used to detect changes in the mixing tube exit diameter, with vacuum pressure

increasing with an increasing exit diameter, abrasive flow rate and water pressure

[36].

Louis et al. showed that airflow sensors can be used to monitor the waterjet, with

airflow increasing with increasing mixing tube exit diameter and water pressure [37].

The results are consistent with findings by Hashish, who observed the airflow rate

increasing with increasing pressure, mixing tube diameter, water flow rate and suction

hose diameter and decreasing abrasive hose length [5]. Hashish et al. also observed

that the effect of mixing tube length on airflow suction is insignificant [5]. Several

other AWJ parameters impact the airflow. Zhang et al. stated that the amount of air

flow that flows into the MC is dependent on the amount of air removed by the jet of

water, amount of abrasive particles introduced and the restriction of the feed tube [4].

A worn orifice and an orifice of larger diameter would produce a wider jet, expelling

more air from the MC per unit time [3, 4]. A worn mixing tube would have a larger

cross-sectional area and would also allow the jet to remove more air [4]. Higher water

pressure would also increase airflow, while the presence of abrasives in the abrasive

hose or the reduction of the abrasive hose diameter would restrict the air passage,

thus lowering airflow [3, 4].

Louis et al. notes a limitation of working with the airflow sensor - when attaching

it within the abrasive hose it will be destroyed if abrasives are flowing through the
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system [37]. The authors’ results were based on data collected when the abrasive

tank was empty. The authors suggested the airflow sensor cannot be utilised when

abrasive is used, recommending the pressure loss measurements inside the hose to

be recorded instead, as the measurements correlate well with airflow data [37]. Putz

et al. found that airflow sensors can also be used for orifice defect and abrasive

supply hose blockage detection [86]. Still, the authors noted the sensor setup had a

similar limitation where it can only be used with the abrasive supply disconnected

[86]. Despite limitations, airflow sensors are robust and can even be used for the

detection of orifice misalignment and leakage in the abrasive hose [38].

Prabu et al., Kim et al., Mohan et al. and Bauer et al. all looked at using acoustic

emission sensors to monitor mixing tube wear [39, 40, 42, 43]. Prabu et al. and Kim

et al. looked at using the root mean square (RMS) values of acoustic emission sensors

to monitor exit diameter wear progression [39, 43]. Both studies found a relationship

between the RMS of the signal and mixing tube wear. Mohan et al. and Bauer et

al. saw a change in measured signal with increasing exit diameter [40, 42]. Kim et

al. and Mohan et al. proposed a monitoring solution of mixing tube wear based on

their results [42, 43].

Kim et al. developed a basic software tool to classify the mixing tube condition

into normal or damaged based on assigned RMS value limits [43]. However, the

solution had several limitations for online monitoring. First, the approach relied

on assigning RMS value limits for classification, which were based on a single set

of tubes that were also used to generate the data for finding the limits. Whether

this approach works on new tubes (unseen data) has not been validated. Second,

judging from the paper’s figures, it is difficult to find a difference in the RMS of the

signal for different wear times (0, 40, 80 and 100 hours). The authors argue that

with increasing mixing tube wear, without damage, the RMS of the signal decreases

[43]. Yet their results seem to contradict that, as at 300 MPa pressure, the mean

of the RMS signal for a tube worn for 80 hours appears to be slightly higher than

for a new unworn mixing tube [43]. The lack of repeats further limits the validity

of the findings. When the authors increased the pressure to 350 MPa it is harder to

distinguish between a new and damaged tube, while the authors argued a large RMS

change would be observed. Finally, the validity of the results is further questioned

when studying the contradicting findings obtained by Prabu et al., where the mean

RMS signal was found to increase, instead of decrease, with increasing mixing tube

wear time (from 0 to 70 hours) [39]. The results by Prabu et al. are also consistent
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with results obtained by Mohan et al. and Bauer et al., where the average amplitude

of frequencies also increased with increasing exit diameter [39, 40, 42].

The monitoring solution proposed by Mohan et al. relied on using an artificial

neural network trained on the frequency domain acoustic signals to predict the mixing

tube exit diameter [42]. The authors quoted a prediciton accuracy of 96%, however

the findings have limitations [42]. Namely, the authors used data from the same

mixing tubes for training and evaluating the model performance. No clear validation

was performed on unseen data. The waterjet is a complex process, there may be

variations in the observed signal for different mixing tubes and the performance of

this model on unseen data may be worse. The authors also collected data during

aluminium machining. If a different workpiece material is used in the future the

findings may not be as accurate if the recorded signal is effected. The same applies to

the process parameters, with additional process parameters not explored. Overall, the

proposed monitoring solutions by both Kim et al. and Mohan et al. have limitations,

yet the acoustic emission sensor approach has shown potential for wear detection [42,

43].

The research that focused on using sensors to monitor the nozzle directly demon-

strated promise for an AWJ non-intrusive online wear TCM system. However, the

bulk of research has not evaluated the performance of indirect methods in predict-

ing wear, instead concentrating on illustrating their potential in detecting changes in

mixing tube ID [34–41]. Meanwhile, the work that did attempt to take the research

a step further by evaluating a monitoring application had several limitations [42, 43].

Selected sensors for TCM must have a signal that allows tool wear detection [31].

From this review, it can be concluded that a variety of sensors are suitable for tool

wear detection. When selecting an appropriate sensor, several parameters should be

considered: the sensor should not interfere with the process or working space, it should

be wear and maintenance free, and it should be resistant to dirt [31]. Finally, a multi-

sensor approach may be the solution (recording more than one variable at a time),

as several researchers found them to be more reliable than a single sensor system in

conventional machining [27, 82, 87–89]. The use of multiple sensors is known as sensor

fusion, with more than one sensor signal combined in a complementary manner for

more robust predictions [90]. To benefit from sensor fusion in TCM, machine learning

can be applied, which would allow linear or non-linear models to relate sensor data

to the wear process [91].
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2.4.2 Signal processing and feature extraction

Once the sensor data is collected, the data in most cases requires processing. The

raw data is unlikely to be practically useful for wear identifications on its own, as

unprocessed data contains high volumes of information [28, 92]. The signal is first

processed and then converted into useful information in a process known as feature

extraction. Extensive data collection can incur a high cost. A recent TCM review

in milling has noted that more attention has to be given to sensor configuration

and feature extraction as opposed to further trials for additional data collection [93].

Features which are sensitive to wear and not the workpiece material nor the process

parameters selected are especially useful [94]. Finally, after the features are created,

a process called feature selection is employed to choose only select features that aid

the model in learning the valuable information from the data [28].

The first step on the raw data is signal processing (also known as pre-processing).

Signal processing may include filtering, amplification, segmentation, signal transfor-

mation and resampling [28, 82]. Filtering may involve extracting relevant information

from a signal, such as specific frequencies. Filtering may also involve noise removal.

This can be achieved through the application of a moving average filter [95]. Ampli-

fication includes changing the amplitude of a signal to either reduce or enhance its

strength. Segmentation refers to dividing a continuous signal into smaller segments,

to extract relevant data; for example by removing data when the AWJ is not run-

ning between repeats. Signal transformation could entail transforming the signal into

time-frequency or frequency domain, for example via Fourier transforms [28]. Finally,

signal processing may include resampling - changing the sampling rate of the data.

Machine learning may require additional pre-processing steps, to be carried out

after feature extraction, which include data cleaning, missing value handling and

normalization [96, 97]. Data cleaning involves finding and correcting inaccurate data.

This may involve missing value handling. Missing values in the dataset need to

be filled (also known as imputed) or removed in order for some machine learning

algorithms to be used [96].

There are multiple strategies for imputing missing values. First, they can be filled

with single values such as the mean or median of their feature [98, 99]. Missing values

can also be filled via interpolation (interpolating the values of the next available and

previous data points), especially when the data is sequential, like time-series sensor

data [96]. Finally, model-based imputation can be performed where a predictive

model is trained using the missing data as a target to predict. For example, via the
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k-Nearest Neighbors (KNN) algorithm, where the missing values are filled with the

mean of the k values from the k most similar data points [100].

Processed data may also require normalisation, a requirement of several algorithms

such as LR, which is a method by which data of a feature is scaled via min-max or

z-score normalisation [96, 97]. Min-max normalisation scales the feature based on its

maximum and minimum values, while z-score normalisation converts the data to have

a standard normal distribution with a standard deviation (std dev) of 1 and mean

of 0 [96, 97]. Equations 2.4 and 2.5 present the calculation for min-max scaling and

z-score, respectively. Feature scaling may be necessary for some models that rely on

distance-based calculations to ensure that all features contribute equally and are on

a similar scale, preventing one feature from dominating the others.

Xnormalized =
X −Xmin

Xmax −Xmin

(2.4)

Z =
X − µ

σ
(2.5)

Once the data is processed, feature extraction takes place. Features can be ex-

tracted using time, frequency and time-frequency domains. The goal is to make

features which describe the signal for the required task. Worden et al. found that

both frequency- and time-domain features are useful for health monitoring and will

be explored in more detail in this thesis [101]. Frequency domain features can be a

useful addition to time-domain features, as they may capture patterns not present

in the time-domain. To convert time-domain data to frequency domain, fast Fourier

transform (FFT) are often used, which are a computational efficient algorithm for

calculating discrete Fourier transforms [28, 102, 103]. When extracting frequency

domain features, attention has to be paid to the sampling rate. As per the Nyquist

theorem, to avoid introducing noise, the highest frequency that can be accurately

represented is half of the sampling rate [104]. Time-frequency domain features can

be extracted using short-time Fourier transform (STFT). Spectrograms can then be

created, which can be used as inputs for computer vision models for TCM [105].

Common time-domain features include statistical features such as minimum, max-

imum, mean, std dev, RMS, skewness, kurtosis, peak-to-peak, shape factor and inter-

quartile range (IQR) [28, 106–108]. Other time-domain features which have been used

in fault diagnosis and TCM research include impulsive metrics, properties related to

the peaks of the signal, which are: impulse factor, clearance factor and crest fac-

tor [107–110]. Zero crossing rate and RMS energy can also be informative for audio

signals and TCM [111–113].
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Common frequency domain features include the dominant frequency, statistical

features of the power spectrum and band power ratios [28, 114]. Other potentially

useful frequency domain features, which are less often explored, include spectral flat-

ness and Shannon entropy [110, 115, 116]. Power-based frequency domain features

can be calculated by utilizing the Power Spectral Density (PSD) method. PSD pro-

vides a frequency decomposition of the signal, allowing the user to understand the

distribution of power across different frequency components. PSD is beneficial when

random effects can obscure the underlying phenomenon [117]. PSDs are often com-

puted using the Welch method, which involves dividing the signal into overlapping

segments and averaging their periodograms [117, 118]. Choosing lengths of segments2

is a compromise between frequency resolution with longer segments and estimate reli-

ability with shorter segments which produces more averages and therefore a decrease

in variance [117, 119].

Table 2.2 summarises several time and frequency domain features and how they are

calculated. The table is not exhaustive, with some statistical features not included.

Finally once the data has been processed and features created, the features require

selection to reduce the dimensionality of the dataset, and to help the model learn the

relationships within the data [82]. Feature selection can also help simpler models

be more robust on small datasets [82]. Feature selection can be carried out via

feature ranking or subset selection. Ranking uses a metric to rank the features and

eliminate the features with a low score. For example, via correlation index ranking

or mutual information (MI) scores [120–123]. Multiple ranking metrics can be used

together to build a better understanding of feature strengths. For example, the

Pearson-correlation coefficient, used by Quan et al. during a tool wear condition

study, only measures the linear dependence between the feature X and the target

y [123]. MI scores can be used to complement the linear ranking method, as they

provide additional information about the non-linear relationships and dependencies

between features and the target variable [120, 124].

Subset selection is another option for feature selection, which is more computa-

tionally expensive as it searches up to all the sets of possible feature combinations

for the optimal subset [82]. This can be done via different algorithms, for example,

neural networks [31]. The Least Absolute Shrinkage and Selection Operator (LASSO)

model can also be used [125]. LASSO applies a regularisation process to penalize the

2The segment length refers to the duration of individual portions in which the input time-domain
signal is divided. Each segment undergoes computation using a modified periodogram, and the
average of these periodograms constitutes the spectral estimate.
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Table 2.2: Equations for several time and frequency domain features.

Features Equation

Time Domain

RMS xrms =
√

1
N

∑N
i=1 x

2
i

Shape factor xrms

xm

Impulse factor xp

xm

Clearance factor xp(
1
N

∑N
i=1

√
|xi|

)2

Crest factor xp

xrms

Zero crossing rate Number of times the signal
crosses the zero baseline per unit
time.

Frequency Domain

Dominant frequency Frequency component with the
highest amplitude in the PSD.

Spectral flatness
N
√∏N

i=1 xi

1
N

∑N
i=1 xi

Shannon entropy −
∑n

i=1 pi log2 pi

Where N is the total number of samples in the signal, xi

represents the value of the signal or power spectrum at the i-
th frequency bin in the PSD, xm is the mean absolute value of
the signal, xp is the maximum absolute value of the signal, and
pi represents the normalized probability of the i-th frequency
component in the PSD.

coefficients of regression features, shrinking some of them to zero. LASSO can be used

for feature selection, as it can identify which features are irrelevant for modelling the

process, as they will have a coefficient equal to zero. LASSO can be tuned to adjust

the strength of the penalty on the coefficients. The larger the parameter, the higher

the number of coefficients of features are shrunk to zero.

An alternative method to feature selection could be to use principal component

analysis (PCA) to reduce the dimensionality of the data [126]. PCA identifies the axes

that account for the largest amount of variance, using as many axes as the number of

dimensions in the dataset [44]. To determine the number of dimensions to reduce the

dataset to using PCA, one typically selects the number of dimensions that retain a
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specified percentage of the total variance. This percentage is often determined based

on the desired level of information preservation. A common approach is to set a

threshold, such as retaining 95% or 99% of the variance, ensuring that the reduced

dataset still captures the majority of the original information [44]. PCA analysis

only models linear relationships within the data. Kernel PCA can be used to perform

complex nonlinear projections for dimensionality reduction [44].

2.4.3 Machine learning

Machine learning, a subset of AI, can be used to build a TCM system based on indirect

sensor data. Machine learning focuses on the development of algorithms (models) to

enable computers to learn from and make predictions on data. Machine learning is a

key component of AI because it provides the means for machines to learn and improve

their performance without being explicitly programmed for specific tasks. Machine

learning has been used in a variety of TCM research in machining [127].

TCM systems require reliable machine learning models capable of learning re-

lationships between process variables and the prediction target during machining.

Model selection depends on the number of data points available, desired model per-

formance and the nature of the model [82]. For TCM, while artificial neural networks

are often discussed, a simpler system is less likely to fail and can sometimes be just

as accurate [27]. To select a model several factors need to be understood, includ-

ing: different types of machine learning tasks to solve for, how to evaluate model

performance and which models are available.

The two main categories of machine learning tasks are supervised and unsuper-

vised learning. In supervised learning, the algorithm is provided with a labeled

dataset, meaning the input data features are associated with a corresponding out-

put data, known as target or label [44]. The goal of a supervised algorithm is to learn

the relationships between the input and output data to make predictions on new un-

seen data when the target variable is not provided. For unsupervised learning, the

input data does not have a specific target associated with it. The goal is to discover

patterns without specific guidance.

The two fundamental types of supervised machine learning tasks are classification

and regression. Classification involves predicting a specific category or class. For

example, in TCM it can be predicting if the tool is worn or not (binary classification).

Regression has the goal of predicting a continuous numeric output. For example, in

TCM this may be predicting the exit diameter of a mixing tube.
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To evaluate model performance, you require a metric and a validation strategy.

Accuracy and F1 score are two popular methods for classification tasks, with mean

absolute error (MAE) and root mean squared error (RMSE) popular for regression

tasks [44, 128, 129]. Using both metrics at once can be beneficial to gain a more

comprehensive understanding of the models’ performance.

Accuracy measures the proportion of correctly classified instances out of the total

number of instances in the dataset. Accuracy can be calculated using 2.6.

Accuracy =
Number of Correct Predictions

Total Number of Predictions
(2.6)

The F1 score is a combination of precision and recall. Precision measures the

accuracy of positive predictions, for example for all instances predicted as worn, how

many are actually worn? Recall measures the ability of the classifier to capture all

positive instances, for example of all the instances that are actually worn, how many

did the model correctly predict as worn? The F1 score balances precision and recall.

The F1 score ranges from 0 to 1, 1 indicating perfect recall and precision. F1 score

can be calculated using equations 2.7 - 2.9, where TP stands for true positive, FP

for false positive and FN for false negative. TP instances are correctly predicted

positive instances, FP instances are actually negative but are incorrectly predicted

as positive by the model and FN instances are actually positive but are incorrectly

predicted as negative by the model.

Precision =
TP

TP + FP
(2.7)

Recall =
TP

TP + FN
(2.8)

F1 =
2 × ( Precision × Recall )

Precision + Recall
(2.9)

For classification tasks, accuracy is a valuable metric when the class being pre-

dicted is balanced, in other words it has a similar number of target instances for each

class. Accuracy is valuable as it is easy to interpret. However, for imbalanced classifi-

cation problems, the F1 score is a better choice as it takes into account both precision

and recall. For imbalanced problems, accuracy can be misleading, as a model that

always predicts the majority class may still achieve a high accuracy.

For regression, MAE measures the average absolute difference between predicted

and actual values, while RMSE quantifies the square root of the average squared

difference between predicted and actual values. MAE treats all errors equally and is

40



suitable as a simple and easy-to-understand error metric. It is easily interpretable as

it’s expressed in the same units as the target variable. RMSE squares the errors before

summing, making it better suited than MAE when larger errors are undesirable. MAE

and RMSE can be calculated using equations 2.10 and 2.11 respectively, where n is

the number of observations, yi is the actual value and ŷi is the predicted value.

MAE =
1

n

n∑
i=1

|yi − ŷi| (2.10)

RMSE =

√√√√ 1

n

n∑
i=1

(yi − ŷi)
2 (2.11)

As mentioned earlier, to evaluate the performance of machine learning models, you

require both a metric to measure the quality of predictions and a validation strategy to

assess how well the model generalises to unseen data. In machine learning the model

is trained on a training dataset and evaluated on a test dataset. A validation set

may also be used to experiment with different modelling strategies before evaluating

performance on unseen data. A validation set is used to avoid data leakage and to

provide an unbiased assessment of the model’s generalisation capabilities. It ensures

that the model’s performance is not over-optimised for the test dataset and helps

in fine-tuning hyperparameters (model configuration settings) and selecting the best

model among different candidates. Data leakage, which occurs when information

from the test set unintentionally influences the modelling process, can lead to overly

optimistic performance estimates. The use of a separate validation set helps mitigate

this risk and promotes more reliable model evaluation [44].

Two validation strategies are common, including a hold-out test set and cross-

validation (CV). Hold-out validation involves splitting the dataset into two separate

portions, with one used for training and one for testing a model. CV involves divid-

ing the dataset into subsets (folds) and training the model on each subset in turn,

and testing the performance on the remaining data. The result is the average of

the k-number of folds. CV can be stratified to ensure that each fold maintains a

similar distribution of target classes as the original dataset, providing a more robust

evaluation of the model’s performance across different subsets of the data.

Two concepts to pay attention to when evaluating model performance are over-

fitting, and underfitting [44]. Overfitting occurs when the model is too complex in

relation to the quantity of data or present noise. For example, if a deep neural net-

work detects subtle patterns in the data, but the training dataset is too small or too
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noisy, the model will likely detect patterns in the noise itself and wont generalise to

new instances. Overfitting can be overcome by simplifying the model, acquiring more

data or reducing noise. Underfitting is the opposite of overfitting, where the model

is too simple for the data structure. Here, more powerful or less constrained models

or better features are required.

2.4.4 Model selection, tuning & explainability

Once the metric and validation strategy are picked, the next step is model selection.

Various model types can be considered, each with distinct learning mechanisms. Lin-

ear models, for instance, operate on the principle of fitting a linear relationship be-

tween input features and the target variable. Examples of linear models include LR,

Support Vector Machines (SVM), linear least squares with l2 regularization (Ridge)

and Logistic Regression (LogR) [130, 131].

Tree-based models, such as random forests (RF) and extremely randomised trees

(ET), partition the feature space hierarchically, building decision trees [44, 131–133].

RFs generate several decision trees, each using different subsets of features and data

samples. The final prediction is then determined through a collective decision-making

process. Due to the different samples and variables considered, each tree is different

from each other and the trees are uncorrelated. So, when combined, much of the

variance is ruled out [132]. ETs introduce additional randomness during the split-

ting process, resulting in a more varied ensemble [133]. This ensemble methodology

enhances robustness and mitigates overfitting [132].

Additional tree-based models include gradient-boosting algorithms, which focus

on building decision trees sequentially, where each tree corrects the errors of its pre-

decessor [132]. Different implementations of this approach exist, including gradi-

ent boosting machines (GB) provided by scikit-learn, XGBoost (XGB), LightGBM

(LGBM) and CatBoost (CB) [131, 134–137]. In a comparison between XGBoost,

LGBM and CB by Alshari et al., LGBM was found to be the fastest algorithm to

run, while CB edged performance over the other two algorithms [138].

Other algorithms include deep learning models. Examples include multi-layer

perceptron (MLP) neural networks which have multiple layers for pattern recognition

and pre-trained neural network TabPFN, which had its model weights pre-trained

for classification tasks on tabular data [131, 139]. Finally, there are proximity-based

models such as KNN [131, 140].

In machine learning, there is no one solution that will fit every problem [44].

Applying multiple models to see which works best for a given problem is therefore a
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viable approach. In previous TCM research in machining, a variety of models have

been used, from linear to tree-based to deep learning models [42, 141–145].

In addition to using single models, models can be combined to form an ensem-

ble, through a process known as ensemble learning or ensembling [109]. Ensemble

learning refers to the technique of combining several individual models to create a

more robust model with a reduced overall variance. The idea is that diverse models,

when ensembled, can compensate for each other’s weaknesses and outperform any

individual model [146]. Different ensembling strategies exist, such as stacking, where

multiple diverse models are trained, and their predictions are used as input features

for a meta-model [44]. A simpler averaging of predictions of multiple models can also

be used [147].

Signal time domain data can also be converted to images via gramian angular

summation field or gramian angular difference field and time-frequency domain data

can be converted to spectrograms via STFT. Computer vision tasks such as convo-

lutional neural networks can be used on these images to classify the state of the tool

[105]. This approach was used by Mart́ınez-Arellano et al. for tool wear classification

and achieved an accuracy of 80% [148].

Machine learning algorithms may require hyperparameter optimisation for im-

proved performance on different datasets [149–151]. Especially when using default

settings offered by common machine learning libraries [149, 152, 153]. The challenges

of optimisation include having a high-dimensional configuration space and it not al-

ways being clear which parameters are important to optimise [149]. These challenges

are especially true for tree-based and deep-learning architectures [154].

There are multiple hyperparameter optimisation methods available, including grid

search and random search [132, 149, 154, 155]. Grid search, also known as full facto-

rial design, is limited by the fact that the number of evaluations grows exponentially

with the increase in the configuration space, as the method evaluates each combina-

tion of user-specified hyperparameter values exhaustively [132]. A simple alternative

to grid search is random search, which randomly samples configurations until a set

search budget is reached [155]. A limitation of random search is that it doesn’t use in-

formation from prior experiments to select the next parameters. Finding the best set

of parameters relies on randomness unless every parameter is exhaustively searched

[132].

An alternative to grid search and random search is Bayesian optimisation. Unlike

the previous two described optimisation strategies, Bayesian optimisation does not

treat each hyperparameter configuration independently, instead determining the next
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values based on the previous results [132, 154, 156]. This helps avoid many unneces-

sary evaluations, allowing for the optimiser to find the optimal set of hyperparameters

within fewer iterations than grid search or random search. To select the next hyper-

parameters, Bayesian optimisation uses a surrogate model [157]. This model helps

in detecting the optimal hyperparameter values, which are then evaluated in the real

objective function [154]. The model is updated iteratively until the maximum number

of iterations is reached. Common surrogate models include the Gaussian process and

RF [132, 149, 154].

Once the models make predictions, their output can be considered black-box, as

the internal processes employed by the models to make predictions are often complex

and difficult for humans to interpret. Model explainability is focussed on explaining

the behaviour of models from input to output in human terms, for example, via feature

importance or Shapley additive explanations (SHAP) [158, 159]. The purpose of

model explainability is to create an understandable solution which can communicate

machine learning results and make them more trustworthy [158].

Feature importance is the most used technique for interpreting models as they

provide a simple and intuitive explanation of relative feature contributions to predic-

tions, suggesting which features matter most to a model and offering a comparison

between each feature [159]. Feature importance is also straightforward to implement

as many machine learning libraries and frameworks, such as scikit-learn, provide

built-in functions for calculating and visualizing feature importance [131].

However, unlike SHAP plots, feature importance does not suggest how each feature

matters to a model [160]. Medium importance could suggest a medium effect for

all predictions or a larger effect for a few predictions. SHAP leverages the game

theory concept of Shapley values to optimally assign feature importance [159, 161].

SHAP provides a detailed approach to understanding feature importance via summary

plots, allowing the user to understand how the model makes decisions for individual

instances.

2.5 Overview of literature

The literature review has covered mixing tube wear, challenges facing AWJ data

collection for TCM and the development of TCM systems via machine learning. The

review has shown that an extensive body of previous literature has been published

on the use of different sensors in their ability to differentiate between a worn and

an unworn mixing tube. However, the accuracy of the sensors in predicting wear in
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a monitoring application has not been evaluated on independent data. In addition,

multiple challenges facing data collection during the development of such a monitoring

application have not been addressed. Therefore a research gap exists in developing a

framework for data collection which addresses these challenges. The use of machine

learning is not in itself novel in TCM, but there is limited application of different

machine learning approaches in AWJ machining.

This thesis aims to address the research gaps by developing a novel framework for

data collection to address the outlined challenges, collecting the data and building

and evaluating different machine learning approaches to predict the exit diameter and

classify the state of the mixing tube tool in AWJ machining.
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Chapter 3

Experimental methodology

This chapter aims to propose a trial design for data collection in order to develop a

TCM system framework for AWJ machining. The designed data collection approach,

which is aligned with the literature review, can then be used to build a dataset for

training and evaluating the performance of different models in predicting wear.

In this chapter, focused on the experimental methodology, the framework for data

collection if first proposed, then the decisions behind the methodology are explained.

Sensor selection is then discussed before an overview of the data collected. Finally,

the experimental setup for data collection is presented and the chapter is summarised.

3.1 Data collection methodology design

3.1.1 Trial design overview

Designing the data collection methodology is a crucial step to develop a TCM sys-

tem. The data requires collection under conditions similar to the ones applied in

industry. In this section, the designed methodology will first be presented, including

the parameters selected, before each decision is explained in more detail in the next

section.

The mixing tubes used were tungsten carbide ROCTEC 100 tubes manufactured

by Kennametal, with an ID of 1.02 mm. This is a standard durable mixing tube used

in industry and research [13, 14, 20, 71, 162].

The data was collected with the following steps to build a dataset for process

monitoring:

1. Change abrasive to Al2O3.

2. Install new mixing tube and secure it in place with a collet and holding nut.
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3. Record the mixing tube exit diameter using steel pin gauges with 0.01 mm

increments.

4. Collect data using the connected sensors under a dwell cycle at varying pressures

(3000, 3500, 4000, 4500 and 5000 bar) for 3 repeats, for 5 seconds each.

5. Wear the mixing tube for 5 or 10 minutes (tube dependant) at 4000 bar pressure,

an abrasive feed rate of 7.55 g/s and an orifice with a diameter of 0.406 mm.

The waterjet was run straight into the catcher tank.

6. If the tube is worn to the designated wear time, repeat steps 3-4 and finish data

collection for that tube. Otherwise, repeat steps 3-6.

7. Go back to step 2 unless all mixing tubes have been worn.

With this approach, data was collected on each mixing tube without taking the

tubes off until the wear cycle was complete, as the exit diameter measurements could

be done without needing to disassemble the nozzle. This data collection approach

will be referred to as the wear data collection (WDC).

Once all the mixing tubes were worn, additional data collection was carried out

using the steps below:

1. Install the mixing tube and secure it in place with a collet and holding nut.

2. Collect data using connected sensors under a dwell cycle without abrasive feed

at varying pressures (3000, 3500, 4000, 4500 and 5000 bar) for 3 repeats, for 5

seconds each.

3. Go back to step 1, and repeat the process for each mixing tube.

This additional process will be referred to as an “additional tube dwell” (ATD)

process.

Table 3.1 shows the mixing tube numbers and the duration each was worn for

during WDC. The table also includes the interval at which data was collected, whether

the tubes were worn during a preliminary or main trial and the length of the tube.

The original plan involved wearing additional tubes for 90 minutes. However, due to

issues with the machine at the time, this data collection failed and was removed from

the methodology.

In addition to the tubes listed in Table 3.1, several other tubes worn using a

regular wear approach with garnet were obtained and are listed in Table 3.2. These
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Table 3.1: ROCTEC 100, 1.02 mm ID mixing tubes to be worn using Al2O3 abrasive
as part of the data collection effort to build a TCM system for the AWJ process.

Tube Number Wear (minutes) Interval (minutes) Trial Length (mm)
1 60 10 Preliminary 101.6

2 60 10 Preliminary 101.6

3 15 5 Main 101.6

4 30 10 Main 101.6

5 45 5 Main 101.6

6 60 10 Main 101.6

7 75 5 Main 101.6

8 90 10 Main 101.6

9 60 10 Main 76

10 60 10 Main 76

tubes were worn by other researchers and were kindly provided for this research. The

mixing tubes supplied by Dr Hashish were not labeled, but all had been initially worn

for 40 hours, with several used further to 70 hours of wear as the tubes were found

to be in acceptable condition at the time.

A comparison of wear conditions for the mixing tubes used in this study is pre-

sented in Table 3.3. The mixing tubes used in this thesis will be referred to by their

respective tube numbers seen in Tables 3.1 and 3.2 throughout the remainder of this

thesis.

The tubes in table 3.1 will be worn for WDC, while the tubes in both Tables 3.1

and 3.2 will have additional data collected on them using the ATD approach.

3.1.2 Trial design decision making

With the trial design proposed, this section will provide more detail on the chosen:

wear measurement approach, wear method, wear duration, mixing tubes used, data

collection phases and the parameters selected.

Exit diameter measurements are chosen as a direct measurement of wear to be

linked with the sensor response, as they are easy to perform and therefore most

relevant to a practicing engineer. To build an indirect wear monitoring system, data

has to be collected via an indirect approach (i.e. a sensor) and linked with a direct
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Table 3.2: Mixing tubes supplied by other researchers, worn using garnet abrasive.

Tube number Wear (hours) Supplied by Length (mm)
11 40 The AMRC 101.6

12 40/70 Dr Hashish 152.4

13 40/70 Dr Hashish 152.4

14 40/70 Dr Hashish 152.4

15 40/70 Dr Hashish 152.4

16 40/70 Dr Hashish 152.4

17 40/70 Dr Hashish 152.4

18 40/70 Dr Hashish 152.4

19 40/70 Dr Hashish 152.4

20 40/70 Dr Hashish 152.4

Table 3.3: A comparison of mixing tube details and parameters used to wear each
tube investigated in this thesis.

Mixing tube provider

WDC Tubes The AMRC Dr Hashish
Mixing tube details

Manufacturer Kennametal Kennametal Kennametal

Type ROCTEC 100 ROCTEC 100 ROCTEC 500

Material Tungsten Carbide Tungsten Carbide Tungsten Carbide

Starting ID (mm) 1.02 1.02 1.02

Length (mm) 76, 101.6 101.6 152.4

Wear parameters used

Water pressure (bar) 4000 4000 6000

Abrasive type Al2O3 Garnet Garnet

Abrasive size (mesh) 80 80 50

Abrasive flow rate (g/s) 7.55 5.32 9.07

Orifice ID (mm) 0.406 0.406 0.381
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measurement of wear. As was outlined in Chapter 2, measuring mixing tube wear

is a challenge. Exit diameter measurements fail to capture wear along the entire

profile of the tube, however they are fast, simple, practical, non-destructive and

cheap to perform when pin gauges are used [14, 20, 38, 78]. In addition, exit diameter

measurements correlate with machining quality so are an effective representation of

wear [7].

For data collection, accelerated wear using Al2O3 was chosen. As outlined in

Chapter 2, a challenge regarding data collection of wear of the mixing tubes is the

long lifetime of the tubes. Running an AWJ for over 50-100 hours to collect wear

data on one tool would be expensive, require a long time, use a large quantity of

abrasive, result in additional AWJ component wear and may potentially result in

too few data points to build a meaningful TCM system. A solution of accelerated

wear trials was explored in Chapter 2. To keep the process as similar as possible

to industrial conditions, accelerated wear trials require using the same mixing tube

material but a harder abrasive. Changing the mixing tube to a softer material can

result in a different wear pattern being observed [7]. To maintain the convergent wear

pattern, Al2O3 abrasive is selected - a good substitute for garnet which is typically

used for AWJ machining [14, 20]. Al2O3 has a similar density and shape to garnet but

is much harder. Higher hardness of the abrasive results in the mixing tube life being

reduced from 50-100 hours to around 1 hour [14, 20]. Al2O3 was shown in literature

to contribute to greater abrasive wear inside the mixing tube, and to fragment less

than garnet which may effect the wear pattern [7, 13, 58]. While not ideal, the great

reduction in mixing tube life means this accelerated wear approach for developing a

TCM system will be explored in the thesis.

The wear times chosen in Table 3.1 were based on the figure that constitutes

a “worn” tube, the data observed by Nanduri et al. and the data presented in a

Kennametal ROCTEC brochure [14, 162]. Hashish noted that what constitutes a

“worn” tube depends on the application, however generally 10% exit diameter wear

is a tolerable limit [7]. Hashish also noted that for certain applications, 25% may be

passable [7]. It is important to keep these figures in mind when wearing the tubes

during data collection. The tubes must be worn past the “worn” threshold so that

the data from the full extent of wear can be used to build a TCM system. The goal

for the TCM system is to make the AWJ more accurate, with greater wear the cutting

performance will decrease [7, 13, 65–67]. Considering the drop in performance, and

the additional time taken to wear the tubes past the 25% mark, 10% exit diameter

growth will be used as the wear threshold, beyond which the tube will be classed
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as worn. Using the data presented by Nanduri et al. and a Kennametal ROCTEC

brochure, it was estimated that it would take approximately 60 minutes to surpass

the wear threshold of 10% [14, 162]. The machining was extended 50% beyond the

limit to ensure the worn threshold was surpassed.

The tubes’ wear times, presented in Table 3.1, were staggered up to 90 minutes.

This allowed the preservation of tubes at different stages for analysis after the wear

trial. 10-minute intervals were selected to balance the quantity of data collected and

the duration of the trials. For certain tubes, data was collected every 5 minutes

instead - to test the robustness of machine learning models when testing performance

on shorter time intervals. Ten tubes were worn in total to balance the quantity of

data collected and the cost of the trials.

Two tubes of shorter length were worn to assess the effect of tube length on

prediction accuracy. Initially, the plan was to wear longer tubes of a similar size

to the ones provided by Dr Hashish, however none were available at the time for

purchase.

The preliminary trial was carried out to test the proposed methodology before

organising a larger data collection trial. This allowed assessing whether the acceler-

ated wear approach works and if wear can be predicted during the dwell cycles. The

tubes were worn for 60 minutes to allow both tubes to be worn within the time the

machine was available. Wearing both tubes for the same period of time also provided

an evaluation of the consistency of exit diameter wear, internal profile wear and the

measured response.

The ATD data was collected during the main trial, as it could provide several

benefits. First, it can help determine whether taking the tubes on and off affects

the measured sensor response. Second, this effort can help extend the dataset for

training machine learning models. Third, this data can be evaluated for training

machine learning models against collecting data during the wear process. Collecting

the data during the wear process is more time-consuming, as data is collected more

frequently. Potentially, collecting the data post-wear on tubes worn up to a different

time point is sufficient. Finally, with the ATD method data can be collected on

additionally provided tubes, shown in Table 3.2, or on changes in both orifice and

MC condition. Data can be collected from the additional tubes worn using regular

wear to understand the difference with WDC tubes, and to evaluate the performance

of machine learning models trained on accelerated wear data in making predictions on

tubes worn in a regular wear process. This comparison will help determine whether
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this framework of accelerated WDC can be used to build a TCM system for industrial

purposes.

Finally, several factors had to be considered when selecting the process parameters

to vary during data collection. For the experimental work to be industrially relevant,

the process parameters had to relate to those found in the real manufacturing process.

In addition, the large input parameter space had to be considered. As discussed in

Chapter 2, the input parameter space includes design and process parameters. These

are presented in Table 2.1. A robust TCM system has to be able to function under

varying parameters.

However, varying every parameter will result in a large number of variations for a

design of experiments, quickly adding to the time and cost factor of the data collection

process. When determining which parameters to take into consideration, it’s crucial

to assess the likelihood of practical changes for individual waterjet users and identify

the parameters that can potentially influence the wear profile. In case of indirect

monitoring, the influence on wear rate is less significant provided the wear profile

remains consistent. The changing wear rate should not affect the sensors’ recorded

response. However, alterations to the wear profile itself could have an impact on the

observations captured by the sensors.

Most parameters should remain the same for a common AWJ user from the design

parameters. For example, a tool centre point checking system controls the alignment

between orifice and mixing tube, and so this is expected to remain unchanged. The

parameter that may change depending on application is the tube length.

From the process parameters, although each parameter may affect the wear rate,

not all parameters will have the same impact on the wear profile. The abrasive is

normally unchanged, with garnet preferred [12, 13]. So the abrasive material param-

eters should stay the same. Particle size may vary in practice, with 80 mesh abrasive

being the standard size used, however other mesh sizes, for example 120 mesh, may

be used for certain applications [40]. Varying the abrasive size would be unfeasible

in this study, as it would require repeating every trial with two different abrasives

and machine time is limited. As 80 mesh abrasive is the most often used, this sole

particle size will be explored.

The final process parameters to account for are waterjet pressure and abrasive flow

rate. The abrasive flow rate is controlled via a metering disk and can be adjusted for

different applications. However, changes in the flow rate only impact the wear rate and

not the wear profile [14, 48, 50]. Pressure changes impact the kinetic energy of each

particle, the particle fragmentation and the turbulence of the jet [65, 79, 81]. However,
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while the theoretical models are limited, beyond approximately 300-350 MPa waterjet

pressure the jet coherency and particle fragmentation were suggested by Hashish and

Yanaida to not change [65, 79]. Based on equation 2.2, water pressure can indirectly

impact the wear profile by altering the impact velocity of the abrasive particles. This

may result in higher erosive wear, potentially impacting the wear profile, especially

closer to tube entry. However, towards the tube exit, where abrasive wear is dominant,

the changes are therefore assumed not to be significant. The assumption made in this

study will be that changes in water pressure, above 300 MPa, will not impact the

wear profile. So the tubes can be worn at one pressure, and for data collection, the

response can be recorded under a different pressure, assuming it will not impact the

wear profile, provided the pressure is above 300 MPa (3000 bar).

The tubes were worn at 4000 bar, using Al2O3 abrasive, an abrasive feed rate of

7.55 g/s, an abrasive mesh size of 80 and an orifice ID of 0.406 mm. They had data

collected during a “dwell” cycle at varying water pressures between 3000 and 5000

bar at 500 bar increments for 3 repeats at each pressure, without abrasive.

The water pressure, abrasive mesh size and abrasive feed rate were chosen based

on parameters used for industrial machining within the AMRC, and following a dis-

cussion with Dr Hashish for standard parameters used by waterjet customers. The

selection is intended to be representative of the cutting operation used in manufac-

turing. It allows the gathered dataset and developed TCM system to be validated in

a typical industrial environment. The parameters are also similar to those used by

Dr Ashworth et al. for their wear trial at the AMRC on tube no. 11 used in this

research [70]. Dr Ashworth et al. used a lower abrasive flow rate, however, a higher

flow rate than the one used by Dr Ashworth et al. is typically required for metal and

composite machining [70].

The orifice diameter was selected based on the following: first, it was the size

available at the AMRC, so it removed the cost of purchasing a new one. In addition,

it was the same orifice size used by Dr Ashworth et al., so allowed for the tubes to be

compared [70]. Finally, the orifice size complied with the ideal ratio of 2.5-5 of orifice

diameter to mixing tube diameter suggested in literature [7, 14, 24, 48–50].

Finally, the data collection process involved collecting data during a “dwell” cycle.

In previous research, data was collected with abrasives flowing through the system

[34–43]. However, data can be collected in a novel manner during the dwell cycle.

The dwell cycle is a stage of waterjet machining when the jet is started, but the

abrasive supply is not turned on. This stage is performed before waterjet machining

operations to generate a vacuum in the nozzle, which will draw abrasives to the
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nozzle [4–6]. Recording data during the dwell cycles allows for tool state prediction

before the machining process begins, making the approach highly practical for real-

time process monitoring. Additionally, this approach offers the potential to build a

foundation for tool path compensation in waterjet machining. The tool can be offset

for better performance if the exit diameter is predicted before machining. Finally,

with the dwell cycle, additional data can be collected with only water flowing through

the system, without further wearing the tube.

The dwell cycle can be used to gather data under varying water pressures to build

a dataset for process monitoring. As noted, the assumption is that above 3000 bar

pressure, the wear profile does not change. So the tubes are worn under a singular

pressure of 4000, but data is collected (when abrasives are not flowing) under varying

pressures. The data under additional pressure was fast to collect and increased the

dataset size without affecting how the tube was worn. The additional data can be

used to study the effect of water pressure on the sensor response and to help the

machine learning models learn patterns within the data.

The parameters not considered included the traverse feed rate of the machine as

well as the angle at which the machining takes place. The assumption was made that

neither of these parameters affects the wear profile inside the tube.

The wear of other component parts in the nozzle, namely the orifice and MC, may

influence both the wear pattern inside the mixing tube as well as the response of the

sensor [3, 4, 86, 162]. To account for this, ATD tests were carried out with a MC and

orifice change to more worn components.

3.1.3 Sensor selection

As discussed in Chapter 2, there are a variety of sensors available for wear detection

of the AWJ mixing tube. When choosing a sensor for building a TCM system, it is

important to consider the sensor reliability, cost, ease of use and intrusive nature of

the process. The selected sensors for TCM in this thesis include an airflow sensor,

pressure sensors and a condenser microphone.

In this work, both pressure and airflow sensors are considered as they are capable

of detecting changes in mixing tube exit diameter [3–5, 36, 37]. As the jet of water is

turned on, a negative pressure is generated inside the nozzle, causing air entrainment

[3, 4, 25]. The air suction is key for pulling abrasives to the nozzle (when the abrasive

supply is switched on) through the supply hose [4–6]. As the mixing tube wears, and

the exit diameter increases, a greater vacuum in the nozzle is created and the airflow

increases [3, 4].
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In literature, authors noted setup issues when using the airflow sensor [37, 86].

However, if the setup can be improved this sensor is a good option for monitoring

wear. The airflow sensor is a suitable choice for TCM as it offers a low-cost solution,

can detect multiple failures, is inexpensive, and can be mounted in a non-intrusive

way where the sensor or its wiring won’t get damaged or interfere with the nozzle.

In literature, airflow sensors were added to the abrasive supply hose, limiting the

sensor’s use to when the abrasive supply is disconnected [37, 86]. Instead, here the

sensor was placed at the air inlet near the abrasive tank, as shown in Figure 3.1. This

position allows the sensor to work online with abrasive flowing through the system

without damaging it. This proposed solution overcomes the challenge of designing a

non-intrusive and practical monitoring system.

Figure 3.1: Drawing of the airflow sensor setup.

Pressure sensors are also considered and have been shown in previous research

to be capable of detecting exit diameter wear by monitoring the negative pressure

(vacuum) inside the MC part of the nozzle and the pressure changes in the abrasive

hose [36, 37]. Again these sensors are inexpensive and simple to use. In addition, this

sensor comes pre-installed on the machines used for data collection for this thesis. In

addition to the nozzle pressure sensor, most waterjets have additional pre-installed

sensors on the machine. The additional sensors record: water pressure, water flow

rate and abrasive flow rate. Unfortunately, the machines used in this research did not

have abrasive flow rate monitoring installed, however water flow rate and pressure

were recorded. As nozzle pressure, water pressure and water flow rate sensors were

installed on both machines used in this thesis, with the data recorded into the same

database, this data will be collectively referred to as machine data.

In literature, acoustic emission approaches were popular [39, 40, 42, 43]. Acoustic

emission sensors are expensive and difficult to set up, as they can interfere with the

nozzle movement and may be damaged if not protected from the harsh water and
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abrasive environment. However, a condenser microphone, also used by Mohan et

al., can be used instead of an acoustic emission sensor for a simpler and cheaper

setup [42]. Acoustic emission sensors may be better suited than microphones for

the task overall, as they are capable of detecting high-frequency acoustic signals.

Higher-frequency variations in signal amplitude, above 20kHz, have been noted to be

more prominent when studying an increase in nozzle diameter than lower-frequency

variations [42]. In addition, acoustic emission sensors are often more robust and better

suited for harsh environments. Unlike condenser microphones that are sensitive to

environmental factors which can impact their performance, with humidity being a

crucial one, as the AWJ enclosure is full of water droplets. Nevertheless, a condenser

microphone is worth trialling for a TCM system when factoring in cost, the intrusive

nature of setup and ease of use. A condenser microphone would work by capturing

the changes in the acoustic signature created by variations in the mixing tube wear.

Finally, accelerometers are suitable for wear detection [24, 34, 41]. However, ac-

celerometers are expensive and difficult to setup similar to acoustic emission sensors,

as they require being attached close to the source - i.e. onto the nozzle itself. Al-

though this approach was considered, it was not possible to implement this within

this research project.

3.2 Overview of collected data

Two data collection trials were carried out: a preliminary trial at the AMRC facilities

in the UK and a main trial at the Aquarese facilities in France. The preliminary

trial was carried out to evaluate the proposed data collection framework. The main

trial was carried out for additional data collection to validate the findings of the

preliminary investigation. Due to the main trial being abroad and the availability

of support offered by Aquarese, carrying out the data collection in one visit was not

possible, and the main trial was split into two phases. During the second phase of

the main trial, a condenser microphone was added inside the AWJ enclosure to the

ATD data collection process. In addition, three extra Dr Hashish tubes were brought

to France for testing. Finally, the shorter-length mixing tubes (tubes 9 and 10) were

also worn during the second phase of the main trial.

A summary of the sensor data collected during the trials is presented in Table 3.4.

Figure 3.2 summarises the measurement chain associated with each sensor during

data collection. Two pressure sensors were used during the thesis aside from the

water pressure sensor; one sensor was connected to the nozzle via tubing to a nozzle
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Figure 3.2: Schematic of the sensor configuration for data acquisition, illustrating the
raw data recording pathways for each sensor.

body port connection, with a second sensor attached to the abrasive supply hose. In

Table 3.4, the nozzle pressure data is missing for several tubes. For tubes 4, 6, 7, 8,

this was caused by a crimp in the hose between the sensor and the nozzle. The hose

was later adjusted to avoid the issue re-occurring. For tube 2, data loss was caused

by a database failure during the preliminary trial, which also corrupted pressure and

water flow rate recordings. In addition, orifice change data was collected for only a

few tubes due to a machine fault which prematurely halted data collection during the

first phase of the main trial.

The order of wear for the mixing tubes during Phase I was not in numerical

order. It was 6, 4, 8, 7, 5, 3. During Phase I WDC, issues with pump pressure were

observed, along with inconsistencies in the tracked airflow signal. At the end of Phase
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Table 3.4: Overview of all sensor data collected. Orifice and MC columns indicate
ATD data collection under the orifice and MC change to a worn component. The
worn orifice used in the main trial Phase I is the same orifice used for WDC during
the preliminary trial. “Machine” sensors include nozzle pressure, water pressure and
water flow rate sensors.

Trial: Preliminary Main – Phase I Main – Phase II

Data collection: WDC WDC ATD Orifice WDC ATD MC

Sensor
Airflow ✓ ✓ ✓ ✓ ✓ ✓ ✓

Machine ✓ ✓ ✓ ✓ ✓ ✓ ✓

Pressure (hose) ✓ ✓ ✓ ✓ ✓ ✓

Microphone ✓ ✓

Mixing tube
1 - 60 min ✓* ✓ ✓ ✓ ✓

2 - 60 min ✓*, ** ✓ ✓ ✓ ✓

3 - 15 min ✓ ✓ ✓

4 - 30 min ✓** ✓ ✓ ✓

5 - 45 min ✓ ✓ ✓

6 - 60 min ✓** ✓ ✓ ✓

7 - 75 min ✓** ✓ ✓

8 - 90 min ✓** ✓ ✓ ✓

9 - 60 min ✓*** ✓ ✓ ✓

10 - 60 min ✓*** ✓ ✓ ✓

11 - 40 hrs ✓ ✓ ✓

12 - 40/70 hrs ✓ ✓ ✓

13 - 40/70 hrs ✓ ✓ ✓

14 - 70/70 hrs ✓ ✓ ✓

15 - 40/70 hrs ✓ ✓

16 - 40/70 hrs ✓ ✓ ✓

17 - 40/70 hrs ✓ ✓ ✓

18 - 40/70 hrs ✓ ✓ ✓

19 - 40/70 hrs ✓ ✓

20 - 40/70 hrs ✓ ✓

* A worn orifice was used during this data collection process.
** Nozzle pressure data may be completely or partially missing for this tube.
*** Data collected before tube was worn - wear at 0 minutes.

I, a water leak was observed above the nozzle and the water jet kept failing with the
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nozzle overheating, which concluded Phase I data collection. Before beginning Phase

II, the nozzle was re-assembled and checked for blockages. However, after wearing

mixing tube 9, the water leak and pump pressure issues resulted in machine failure.

The source of the problem was found to be the orifice holder and its UHP seal after

troubleshooting by a technician. After changing the orifice holder and UHP seal, the

AWJ became stable, and the pump, which was previously struggling to control its

pressure, began operating as intended. The collected data can give a better insight

into when the issue began. However, the part change during Phase II of the main

trial caused a significant change in the recorded sensor response.

During the main trial, mixing tubes were worn to incrementally increasing wear

times. This allowed for ATD data to be collected on tubes at different wear times,

further expanding the collected dataset size. In addition, ATD data could be collected

when changing the orifice and MCs to a component with a longer use time. Allowing

for a better understanding of how wear on each part affects the sensor response and

prediction accuracy. Finally, wearing the mixing tubes by a different amount of time,

allowed for the wear profiles inside the mixing tubes to be studied after the completion

of the trials.

After the data collection trials were completed, additional data could be collected

on the worn mixing tubes. The exit diameter was imaged using a Jiusion HD 2MP

USB digital microscope. The used MCs were also imaged via the USB microscope.

In addition, the weight of the mixing tubes was collected using an analytical balance.

Both optical microscope images and weight measurements of the mixing tubes were

completed before and after the trials took place. These measurements allowed for wear

consistency and progression to be studied. The condition of the available orifices was

studied using a Nikon optical microscope.

In addition, the mixing tubes were machined longitudinally using EDM to study

the internal wear profile progression. The mixing tubes were machined with an offset

equal to half the EDM wire thickness to obtain one perfect half. A trained technician

carried out EDM. EDM was carried out on all tubes, including those provided by

the AMRC and Dr Hashish. Photography of the sectioned tubes was then carried

out using a 12MP iPhone XR camera secured via a tripod above the mixing tubes.

The camera was held in place while imaging every tube, with the photos taken via a

Bluetooth remote controller to minimise the risk of camera motion.

Both garnet and Al2O3 abrasives were also studied. A Malvern Panalytical Mas-

tersizer 3000 was used to analyse the size distribution of the abrasive particles. The

Mastersizer uses laser diffraction to measure particle size distribution after dispersing
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Figure 3.3: Schematic of the setup used to measure the angle of repose of abrasive
particles.

the particles in either an air cell (for dry powder dispersion) or liquid. In the case

of liquid dispersion, sonication can be employed to facilitate rapid particle disper-

sion. The particle size measurement range of the Mastersizer 3000 is from 10 nm

to 3500 µm. For Al2O3 abrasive the particle size distribution was measured before

and after waterjet use, to find the average abrasive size and evaluate whether the

particles fragment during the wear process. The air cell was used for dispersing the

dry garnet and Al2O3 samples, while the liquid cell was used for dispersing the Al2O3

sample recovered from the bottom of the abrasive water jet (AWJ) catcher tank after

waterjet use.

A Nikon optical microscope was used to compare the shape of the abrasives. He-

lium pycnometry, via the Micromeritics Accupyc II, was used to measure the density

of both abrasives. The flowability was compared using an angle of repose tests to

evaluate whether either abrasive will flow better through the abrasive hose, ensuring

both are similar without irregularities in flow.

For angle of repose measurements, each abrasive sample was poured through a

funnel onto a circular platform of a known diameter, using the setup seen in Figure

3.3. Once a cone pile filled the base of the platform, the height of the abrasive pile

peak was measured in mm using a digital caliper. The angle of repose was calculated

using equation 3.1, where h is the height of the pile and d is the diameter of the

platform. Five repeats were conducted for height measurements.
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angle of repose = tan−1

(
2h

d

)
(3.1)

3.3 Experimental setup and tool wear measure-

ment

For the data collection to be relevant, it had to be carried out on machines used

in industry, such as the one used by the AMRC in the UK. The AWJ available at

AMRC is supplied by Aquarese and has a 6-axis Staubli TX200 robotic arm. This

machine was used for the preliminary data trial. For the main trial, the same machine

available in the Aquarese facilities in France was used, however the machine had a

shorter abrasive hose length, which may have impacted airflow data [5]. Figure 3.4

shows the Aquarese waterjet enclosure for the machine based in France. The pictured

human-machine interface (HMI) is used to operate the waterjet. Both waterjets used

in this thesis are capable of machining at 6000 bar pressure and come preinstalled with

a pressure sensor connected to the nozzle via a pneumatic hose, as shown in Figure

3.5. Professional technicians carried out the data collection under the supervision of

the authors for the preliminary data collection trial. For the main trial, the author

of the thesis was trained to operate the machine.

During the initial stages of the main trial, the catcher tank had a hole cut through

at the bottom which caused trial delays and damage to the machine. The catcher

tank is designed to withstand damage. However, potentially due to a harder abrasive

(Al2O3) being used, no material being machined and the jet being stationary, the tank

was damaged flooding the factory floor. For further data collection, the bottom of

the catcher tank underneath the nozzle position was reinforced with two steel billets

to prevent further damage. The nozzle was raised further above the catcher tank, and

the water level was increased. Figure 3.6 shows an empty catcher tank with reinforced

steel billets. Protective shields were added to the sides of the catcher tank to reduce

overflows and prevent flooding of the factory floor during jet operation, caused by the

raised water level.

Steel pin gauges were used to measure wear. The exit diameter size was determined

by incrementally increasing the pin gauge size in 0.01mm diameter steps until a pin

gauge could no longer fit into the exit diameter. The exit diameter was then decided

by adding +0.01 mm to the last pin gauge diameter capable of fitting through the

mixing tube exit. A schematic of the pin gauging process used to measure the AWJ

mixing tube exit diameter is shown in Figure 3.7.
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Figure 3.4: Photo showing the waterjet enclosure and data collection setup on the
Aquarese 6-axis waterjet in France.

When recording the weight post data collection trials, the mixing tubes were first

dried and cleaned with a high pressure air hose to remove any residue abrasive.

A ruby orifice and a pre-installed MC were used for the preliminary trial, as

these were available at AMRC. Both components had previously been used for up to

230 hours. The exact use time has not been recorded, but the AWJ itself was not

used for over 230 hours, and both parts were purchased new. For the main trial, a

new diamond orifice and a new MC with 0 operational hours were used instead. A

maintenance procedure provided by Aquarese was used to install either one of the

nozzle parts. The nozzle on both machines was Paser IV, which is self-aligning and

does not suffer misalignment issues between orifice and mixing tube which can impact

performance [25, 32, 59, 76].

The mixing tubes had a spacer attached during both trials, a component designed

to reduce the distance between the orifice and mixing tube, following a recommenda-

tion from Aquarese and the technicians at AMRC. The use of a spacer lowered the

wear rate of the mixing tubes [25, 77].
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Figure 3.5: Photo of the nozzle on the Aquarese 6-axis AWJ in France.

The Al2O3 abrasive used was F080, brown fused alumina supplied by Kuhmichel.

The supplier’s informational sheet on brown fused alumina is provided in Appendix

A. The F080 abrasive is size 80 on the FEPA scale, with a grain size range of 150-212

µm. The supplier did not directly offer 80 mesh Al2O3 abrasive, however F080 size

was ordered as it provided equivalent grain size. 150-212 µm range approximates to

100 - 70 mesh, with the median value of 181 µm equivalent to 80 mesh. The garnet

used for analysis was ClassicCut™80, 80 mesh abrasive supplied by GMA Garnet. A

datasheet for this abrasive is provided in Appendix B
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