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ABSTRACT

The primay aim of the workpresentedn this thesis i¢o developnew and improved
method for analysing the microstructure of titanium alloys, specificalh6AIl-4V.
This is achieved througthe introduction of softvare tool which incorporatesvel
image proessing techniqueso automate themeasurment of a wide rangeof
microstructural featusein microscopic images of IAI-4V. It is shown thathese
measurements are performedfaster morerepeatable way, with minimal inpubin

expertmaterials scientisf when compadwith existing methods

The microstructure of a mataticonsists of individual grainsf different shapes and
sizes. Precise analysis of these presithformation about He properties of the
materialand thus is valuable fguality assurancanddevelopment of new materials,
models or manufacturing processéfowever, performing this analysis usually
dependsmanual analysisechniques, requiring extensive input frexpet materias
scientists.Attempts at more efficient automated methods have so fadimited

succesglargely due to the wide variations that can occuniarostructural images.

In this thesisa robust set of image processing techrscqare proposeid automatically
identify and measure key features of microstructural imaDe& to the unique
challenges posed by different microstructure typges separate technigques are
propose¢one aimed at measuring globular gramshin microstructures and another
aimedat measuring elongategtains, known as plateletsleasuremerst of globular
grainsare obtained using a novsggmentation algorithm that partitions the image such
that each grain is individually labelle@nce idatified in this waythe size and shape
of each grain can then be measurealjowing both individual and aggregated
measurementso be reported The algorithm includes a variety ofg and post
processing steps that dramatically reduce measurement, ezoongnon in other
segmentation methodslowever,it was found thathis methodcould not be reliably

applied to segment andmeasure plateletsMeasurementsof these are instead



determiné by shape fitting techniquesSimilar approaches are already used for
analysing this type aflongated object in similar datasets. Howeseveral limitations
existthat negatively affect both the accuracy and usefulness of these methods when
appled to the dataset in this studyhis thesis proposes novel adaptationsutcths
techniques to improve reliability and extend the range of properti¢scdimabe
measured The resulting technique can be applied to measure platelet width,
orientation, and morphology. A separate algorithm is also proposed that uses this data
to identfy and measure colonies of platelgissoftware tool is designed to allow these
tools to be deployedhy materiafs scientists This tool provides simple, intuitive
feedback to the user to allow the proposed algorithms to be properly parameterised
withoutimage processing experience, or a good understanding of their operation.

This work is validated through a range of trials conducted on real world datasets of Ti
6Al-4V microstuctural images. The dataset ugasiges from different microscopy
technologiesas well as different morphologicgtpes of microstructure. Results are
validated through comparison with measuremeperformedby expertmaterias
scientists using the most reliable procedures currently availabte demonstrate
accurate results can be achieved automatically, significantly faster than. Géfere
techniques proposed in this thesis also have general value in the wider domaireof imag
processing, due to their robustness in challenging datasets. This is demonstrated by a
detailed comparison with existing image processing tools, never before testing on

microstructural data.
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1INTRODUCTI ON

1.1- 1 OEOAOEITT 1T £/ OAOCAAOAE

At a microscopic level, materials such as metal alloys consist of a skgesrs of
different shapessizes,and arrangement3.hesegrainsform a microstructure, the
properties of whichare key factors in dgermining the properties of material[1].
Chemically identical materials, that would otherwise be expected to exhibit the same
mechanical properties, caninstead have quite different properties when their
microstructuregliffer. Such differences ara common occurrena@ndare caused by

the application of thermal or mechanical work to the materfad.fihal microstructure

of any componenthereforedepends othe manufacturing processes apptiedreate

it. This makeshe ability to accurately assdbg microstructure of a material important
when designing new manufacturing processes, building models to predict the
properties of manufactured parts or evahgaexisting parts to ensure they are fit for
purpose. This is particularly important in high value manufactappications, such

as aerospace, wherget highperformance requirementd such components mean
achieving the best microstructure to maximiise desired mechanical qperties is
critical. The cost of such materials also leads to a desire to reduce waste, meaning a
better understanding of material behaviour and how to avoid failing phdsegicial
However, the advanced alloys used in sagplications often have complicated

microstructures that are difficult to assess



Severaldifferent imagingtechnologies exist to enable microstructures to be studied.
These include relatively cheap and simple Optical Microsc¢Pdss) through to
more adanced and expensive Scanning Electron Microscopes ¢$5EMese
technologies can be used to captumages of thearrangemenof individual grains

that make up the microstructure of a material. Howeaaarately measuring relevant
features ofmicrostructures can behallenging The greyscaleimagesproducedare

often noisyandcomplex microstructuresan contain touching grasrof similarpixel
intensity which makes thieoundaries betweethese grainshallengingto delineate

In other cases, grains are extremely thin or have undergone some deformation, further
complicating the identification of their boundarié<r these reasms standardised
automated software often fails to correctly identify features of the microstructure in all
but the simplest caseA.review of the literature highlights sevemdistingattempts

to use image processing to aid the microstructure analysiegs. However, evy
existing method reviewed has key issues that prevent fteemproducing accurate
measurements dkey features iMi-6Al-4V microstructures. This means that analysis
is often performed using manual methods, which is a laboriousgsroequiring a
large amount of input from experiencethterials scientist This makes the analysis
process slow and often prone to human error. Furthermore, measurperémsied

in this way are often difficult to repeat as true boundary locations areaunin
complex microstructures and even experienoeaterials scientist will identify

features differently in the same image.

There is a clear need for new data processing techniques that can provide reliable
measurement of complex microstructures.thrs thesis, novel image processing
methods are proposed tautomatically analysedigital images ofmat er i al s 6
microstructure, produced by existing technologies, and provide quantitative

measuremestor each microstructural feature of consequence.

123 AT DA x1 OE

The aim of the work presented in thiesis is to develop novel algorithmesautomate

the quantitative analysis of microstructures. A wide range of materials and
microstructures exist and it is widely accepted that-gesreralised image process

techniques often do not work for complex caggs However, large variations in



microstructural imagesf even the @ame material can exist either duevaiatiorsin
the microstructure itself or differences in sample preparation or imagingoteghn
used It is important thatthe methods pragsed are not ovedrainedto a single
microstructure typand are robust enough to measure thestgpeariatiors that are
likely to occurin real world microscopy. Howeveit is also important that the
proposed methodsre specific enough that accurate resafin be realistically
achieved Selected a suitable dataset, which balances the risk ofgeweralisation
and ovettraining, is critical to the success of this projeks. a result, thisvork is

constrainedn three waysas set out in the following sections

1.2.1 Exclusive use of T6Al-4V

This thesisexclusivelystudiesthe popular Titanium allqyTi-6Al-4V. The primary
reason for this is that this material is extremely widely (i8kHut, due to it€omplex
microstructurenogood automated analysis solutions did not already exist, therefore,
this was an important material to focus on. However, therseueralother factors
alsomotivating this decisionTi-6Al-4V is a twephase alloy, whose microstructure

can exhibit different morphologies depending on how the material is processed,
resulting in a wide variety of interesting features to measure. This increases the
likelihood that the techniques proposkdthis thesis will be applicable to other
challenging microstructures, or even datasets from other fields. Focusing on a single
material made it possible to study a wide range of microstructural variations, to ensure
the proposed algorithms to detect tdo specific limitswere placed otherange of
thermal or mechanical process appliedhte material and T6Al-4V samples from
variousexperimets and manufacturing processee used in this work. This means
thatthe dataset includeglobular, fully emellar and bimodal microstructurdsthe

focus has instead been study different materials then the resulting datasiepf

similar size,may have included only globular microstructures, so would actually
contain less varietyGiven the time requireemts and difficultyin obtaining ground

truth data for each microstructure, it was important to keep the dataset to manageable
size, while maximising morphological variationslitimately, it is believed that the

features presenniTi-6Al-4V microstructues and the challenges in automatically



measuring these images are representative of the difficultiepenforming

microstructural analysis on other complex alloys

1.2.2Imaging Technologies

The scope of this thesis isonstraied to study only2D microstruatral images
produced by existing technologieBoth OMsand SEMs are usetb increasethe
potential impact of this research, particularly in industrial settings where access to
advanced SEMs is expensive and potentially limifgds thesis does not consid
novelimaging techniquesr anymethods focusing 0BD imaging or modellingf the
material. As microstructures of material are in reality 3D it would remain the
responsibility ofmaterials scientistusing the techniegs proposedh this thesis to

appl them to 2D images at an appropriate set of positions and orientations on the
material sample to generate relevant measurepats the case with many existing
approachedt is, however noted that image processing techniques designed to operate
in 2D can often be extended to operate in 3D, as has been shown in recent research
into granular structusan other material$4]. For the same reasansmall amount of
literature aimed at 3D image analysisncludedin the review in Chapter, &vherethe

described techniqus also relevanto 2D analysis

1.2.3Accuragy

A key constraint put on this worlor perhaps more accurately the claims made in this
thesis,is to only match the level of measurement accuracy that ermaerias
scientiss can achieve with existing manual analysis technigWésle it is possible

that the proposed image processing techniques may also be more accurate, providing
suficient validation support that clainms problematic.The complex nature of the
microstructures in this study means the true measurement ofmioststructural
features s not known with absolute certainty. Instead all that is known is an égpert
best estimate.Different materials scientist would provide slightly different
measurementsf each microstructural featurAs a result, assessing the accuracy of
automatedechmiques is challenging, and any improvement in accuracy a new method
provided could not be reliably and precisely measured in the absence of an absolute
ground truth Advanced microscopy techniques, such as EBSD, could help provide a



moredefinitive ground truth, however, access to this is limited and required this would
have limited the dataset availabléne work presented in this thesis, therefore, focuses

on performing analysis in a faster, more repeatable anthl@ssrintensiveway than
existingmanual methodswhich is of significant valuerhe techniques described in

this thesisare considered to be accurate provided theypraduce measurements

within an acceptable range of thqe®duced by experhaterials scientises defined

by existing sandards

1.3/ OECET Al Al TAO OERAOEBDI OOOOAOOO!
The research goal is to improve microstructural analygismtroducing novetigital

image processing algorithms to automdle measurement of microstructural
properties Through thereview of recentiterature, summarised in Chapteritéis
demonstrate thatautomated measurements aohievedn other fields and for a few
properties of some microstructures. Howewes also foundhata complete robust
automated analysis abmplex Tt6Al-4V microstructuress not yet possibland this
requiresthe development of new techniques. The core contribution of this thésss is
design ofnovel image processing algorithms that are robust enough to measure
microstructural features of -BAI-4V. Two distinct image processing techniques are
proposed that are specifically designed to measure two unique types of microstructural
feature. These are then incorporated into a software tool to allow these methods to be
applied in industry or academig ateriak scientists without prior training in image
processingAs a resultmicrostructural analysis can now be performed in a faster, less
labour intensive, less prone to human error and more repeatabl&avaghieve the

core aims of this researgatortributions aranade to botimaterials sciencand image
processing. These contributions can be broken down as follows:

For materials sciencthe contributions are,

1 A new technique for measuring features related to the morphology of primary
alpha grains oficrostructures (Chapter 5) such as:
o Primary alpha grain size
o Volume fraction of globular alpha

o Distribution of individual grain size and globularity



1 A new technigue for measuring features related to the morphology and
orientation ofplateletsin microstrictures (Chapter 6) such as:
o Width of alpha platelets
o Size of alphalateletcolonies
o Shape of platelets and grains
o Distribution ofplateletorientations
1 A technique for identifying artefacts within microstructures (Chapter 5).

1 A new algorithm to identify colonies of platel¢Ghapter 6).
For image processing the contributions are,

1 A novelextension to the markdrased Watershed Algorithf§], [6] to enable
better segmentation of images containing touchingabé (Chapter 5).
1 An improved granulometric procedure for simultaneously computing the

dimensions and orientation of elongated structuré@magegChapter 6).

The remainder of this thesis is laid out as follows. Chapter 2 describes the methodology
usedwhen conducting the research described in this thesis. Chapter 3 introduces key
materials science and image processing concepts critical to understanding the
remainder of the thesis. Chapter 4 presents a review of recent literature and establishes
the reqirements that theew image processing techniques must meet in order to
improve microstructural analysis of -BAl-4V when compared to existing
approachesThe novel contributionsfahis thesis ar¢henpresented irB chapters.
Chapter 5 and 6 describesthew imageprocessing techniques proposé&hapter 5

shows segmentation methods for globular grains and Chapter 6 shows measurement
techniques for elongated platelets. Chapter 7 descailvesv software tool used to

apply thesemethodsto microstructural analysiandintuitively tune the parametg
Validation is provided in Chapter 8 to demonstrate the impact of the presented
techniquesFinally, Chapter 9 summarises the work presented and describes some
future improvements that could be made to extend this work.
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This chapterdescribes the research methodology that was applied to meet the core
objective of improving the microstructural analysis of6HAl-4V using image
processinglt is generallyconsidered thaa methodology shouldccount forfactors
such as; sources of datasearch techniques, outputs, validation and the relationship
between these factofg]. The first step in this project was study the statef-the-

art in microstructural analysis techniques for-6Ail-4V and identify any
shortcomingsNew techniques wetben developed to address thetwrtomingsand

make useful impreements. A suitable dataset wsdected which is used to both aid
development and evaluate the proposed techniques. Finally, results frermental
trials were usetb evaluate whether the core aim of improving microstructural sisaly
had beenmet. The individual steps in thisethodology and the relationship between
them are outlined in the flowchart Figure2.1, with more detail on this provided in
the remaining suisections of this chaptehs trials involving software areheap and
easy to setip, an efficient way to develgpe new techniqueis to use an iterative
processvereideas discovereth the literature are implementeahdtested, with the
results guiding future literature review or algorithm developmenhis type of
approach was used in the research presented in this thesis and atethdicthe

flowchart inFigure2.1.
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gaps in current knowledge relatedthe research aimsf this project This required

that the review includboth existing manuahethodsof microstructural analysis and
anyattempts that have already been made to apply image processing techniques to this
problem. The challenges and benefits of each method are assessed in order to identify

a baseline performance that t@wtechniques prapsed in this thesis must improve

upon

methodology
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The first step in this project was to review relevant literature, to idectifigeptual
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While this alone is sufficient to justify the contributicilesmaterialanalysis made in

this thesisan additionalreview ofmore fundamentamage processingesearclhwas
alsoconducted irorder to identify the best approachtaie wherdeveloping the new
methods.This was guided by the results of the review of materials science literature
and focuses on techniques targeting the type of feature revealed to be both important
and challengindo measure.The image processing reviemcluded techniques that
had not previously been appliedth@ microstructural analysis tifanium, and mostly

not to any other metallic materidut had been successfully applied in other fields
featuring simiar datasetsFull details on what constitutes a similar dataset are
explained inChapter 4 It became apparent from thisview that ncexistingimage
processing technique was perfectly suttegrovide accurate measurements of all the
microstructurafeaures of interest in titanium alloyAdditionally, many potentially
sutable methods failed completely in the most challenging caseésvould likely not

be robustenough to measure the variaty different microstructures investigated.
Therefore, as weks identifying the most suitabtechniques to incorporate into the
new algorithms important limitations in the knowledge in the field of image
processingare also discussedddressing theseonceptual gaps in the literatuise
essential to thelesign of suitable image processing algorithms for microstructural
analysisand also leads toontributionsin thefield of image processinig addition to

those in the fields ahaterials science and microstructural analysis

22! Dbl EAAOET T O0AAMO OOEOAAI A AA
The Ti6AI-4V alloy can exhibit a wide variety of microstructural arrangements
depending on the thermal and mechanical history of the material sample investigated.
Obtaining a suitable dataset that is varied enough to allow useful techniques to be
developed is therefore a critical stage in this research. There are several possible
approaches to obtain thiatdset. Ostensibly, the most rigidd structured approach

would be to perform an experiment where samples of material from the same source
are subjected to different thermal and mechanical pre&stssproduce a range of
different microstructuresAs sample preparation and microscopy methods could be
tightly controlled this would likelyproduce microstructural images that are relatively

consistat and predictable with the same level of lighting, scratches and artefacts seen



in each.Such a dataset would allow techniques to be designed that can measure
different microstructure types. Howevéehjs experiment would be time consuming
and expensive ral would notinherently add value when compared to existing
microstructural data taken from other sourdsdditionally, the controlled nature of
that type of experiment would produce microstructures that doefiect thefull
variation in microstructutaimagesexpected in real lifesituations Differences in
images are often produced by the variefy expeimental proceduresmaterial
preparation and microscope-sgtused in different factories and laboratorigs these
factors can be difficult to carol, and the effect orthe microstructural image
produced is difficult to predicThus, amore varied and less perfect dataspreferred

to ensure the results presented in this work are representatwabtan bechieed

in practise A morepragmatic approach wabereforetaken vhere the microstructural
imagesfor the titanium datasetere drawn from existing projects conducted at the
Advanced Forming Research Cen(pd=RC) and by their industrial partners. This
allowed a large dataset ohages to be obtained that were subject to a variety of
different realworld conditions imaged on different microscopy technologies and
measured by differembaterials scientistMany of the images used came frarsingle
experimental trial that aimed study the effects of thermal and mechanical treatment
on the shape and size of grains. Therefdrefull range ofdifferent microstructure
typesthat wouldbe expected is includedthin the dataseThe approach takeneans
that the dataset gathergatludes both genuine microstructural variations and image
variationsproduced by differences in how the microstructure images are captured
which are not informative of the underlying microstructuB®ath of which are
important to includén the dataset inrderto validate the robustness of the proposed

techniquedor real world microscopy

23$A0HCE ARAIWOEOAAOOAOD

A new set of techniques aresiignedthat can measure properties of microstructural
images as consistently and accurately as posdihis.is an iterative process which
requires continuous experimentation to observe the effect of different operations on
microstructural images. Such an approach is common in the development of software

based methods as there is little cost to this experiation as it is nedestructiveand

10



requiresonly a computer andesearcher and processor timihe success of this type

of methodology depends upon the selection of a suitielopmentataset for use
during development. A developmental dataset was built by subjectively selecting one
or two images from each microstructure type and imaging technology such that the
dataset contained as much variations as possible for the smallest nunmbhages.

The remaining images were kept for testing and evaluai®thenew algorithmsre
designedo analyse images from the developmental datésistimportant that this
captures the type and level of variation expected in-wedld images. If te
developmentatlataset does not capture this variety therrésaltingtechniques will

be overtrained to a particular dataset and will likely perform very well on this data
only and fail when applied to other dataislalso important that the developntal
dataset is not excessively large as this would make the development process slower
and more difficult. It is also beneficial to keep as many images as possible for a testing
and evaluation dataset. As these are not used in the design of the algbethesults
obtained on this datreinformative of how the new algorithms are likely to perform

when used by materials scientists.

It appears likelythat all the possible features of titanium allaye too different to be
measured reliably aralcurately by a single method@herefore the decision is made

to proposetwo distinct techniques one for the segmentation and measurement of
equiaxed features, best suitt globular alpha grains, and another for extracting
orientatian, size and shape infoation ona per pixel basis, best suited for elotegh
grains A full explanation of the reasoning behind this decision is provided in the
literature review inrChapter 4 The techniques proped are shown in Chapters 5 and

6 with the software implementatialescribed in Chaptér.
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The techniques proposed this thesis are validated on tket of microstructural
images of Ti6Al-4V, described in Section 2.2As not all features exist in all
microstructures, suitable images to tibst measurements of each feature are selected
gualitatively from the dataset by the researcher. In each case the largest possible

dataset in which each feature could be measareadsed.
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The validation process requires results to be compared witn alernative
measuremergonsidered to bthe ground truthlt is set out in the scopx this work,
defined in Section 1.2hat the target is to match what expwsgterials scientistcould
achieve using manual procedurdherefore, measuremenperformedby expert
materials scientistusing existing manual methods are used as the ground truth in this
thesis.Any measuremendf a microstructural featurhat matchegwithin a small
margin of errorthe measurement achieved bynaterials scientishdicatesthat the
proposed techniqusaccurateThe timerequiredto perform each measurement is also
monitored to assess if the new techniques could also offer faster measurdiments.
should also be noted thtte automated nature and software implementaifaine
proposed techniquesiakes the proposed methods inherently repeatable and less
labour intensivehan manual alternativesThe contribution of this work is further
demonstrated through comparison with existing automated approadhese

applicable.

As well asfacilitating improved analysief titanium microstructuresghe techniques
presented irthis thesisalso makes contributionso the field of image processing
through the techniques described in Chapter 5 and 6. Validation of these contributions
requires additional evidence oth#ran measurements of mastructural properties.

For the segmentation techniguesChapter 5the segmentation accuracy assessed
through comparison with a ground truth segmentation manually drawn by expert
materials s@ntiss. For the techniques for analysing thin structures in Chapter 6,
measurementgerformedon a pixel by pixel basiare comparetb the ground truth
measurements$n both casethe contribution is demonstrated by comparing the results
with existing inage processing techniques for the same task. As this is used to
demonstrate novelty inhe image processing fieldhe experimentincludes an
evaluation oftechniques that have not previously been applied to images of
microstructuredut have been succeshy applied to other similar images

12



SFUNDAMENTALS OF
MI CROSTRUCTURAL
ANALYSI S AND | MA(
PROCESSI NG

This chapter describes key concepts underpinning this researcaréhatitical to
understandinghe remaining content of this thesis. As the aim is to provide image
processing tools tonprove the analysis of titaniumicrostructuresit is necessary to
provide some fundamental information from both the fieldmaferials sciencand
image processp. The first section of this chaptiercuses ormmaterials sciencand
provides an overview dlifferentmicrostructure types thatan existthe constituent
components of these anostructures and the effect thiae size and morphology of
these fatureshave ona materiaés propertis. This information is used to determine
which features of microstructures are the most important to measwakysis of some
example imagesare providedto demonstrate the types of challemgéhat
microstructural images prest to automated image processing techniqglreshe
second section of this chapteefiditionsare provided of severindamental image

processing concepts that are relévarthe new techniques proposedhis thesis.

3.1- AOAOEAIT AT A T EAOI OOOOAOOOA
The microstructure of a material affects many of its properties. Tensile strength,
ductility, yield stress, hardness and surface roughness are all known to be impacted by
variations ina ma t enicrostrdctarg1], [8]. Understanding these variations is
important when dagningnew methods of automated microstructural analysis. As set

outin Chapter 1the scope of this work is restricted to the mstrocture of the i

6Al-4V alloy. Hence this section will present examples of only thist er i al 0 s
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microstructure and describe the variatitmet can exist within it as well as describing

the features it is necessary to measunen analysing this microstructure

3.1.1Microstructure types and features

Ti-6Al-4V is a twephase alloy containing an alpha and beta phase with each phase
having a differentchemical compo#ion. A full discussion of lhe details of this
composition is beyond the scope of this théalbat ismostimportantfor the type of
microstructural analysis methods studiegteis thatgrains ofeach phasshould be
measured separately and that these phggeslly present as signficantly different
intensity ina greyscale microstructural image. Alpha grains can be either equiaxed or
elongated9]. Equiaxed grains are commonly called globular alpha while elongated

grains are referred to either as laths or plat¢l€ts

The shape and size of these grains is determined by the thermal and mechanical
processes applied to the material. As the boundariesebetthese grains are not as

strong as their internal structure, this in turn determines material properties. Therefore,

the ability to analyse the microstructural evolution of a material is important to
understand the effect of different manufacturingcpeses and the quality of final
component s. Gr ai ns 46A-4Viaremucladtet duyirg presec h  a
transformation from b phase, which occur
transus temperature. This transformation can be either mademshy a diffusion

controlled nucleation and growth process, more precise detaitee chemistryf

which are described ifi1]. The martensite transformation involves atoms moving co
operatively by a shear type process and produces a homogeneous microstructure,
which containsearlyentirelyplatelets, the resulting microstructures are often referred

to as martensitic microstructures. Nucleation and growth processes can produce
different microstructure types based on cooling rates. Sufficiently slow cooling rates

will lead to alpha grains nigating preferentially first along the boundaries of existing

beta grains and then into the grain in parallel platelets. This results in a colony structure
where either these boundary grains or the existence of these parallel structures indicate
the colones. As the growth of platelets occurs within the beta phase there is often a
clear phase change at the boundaries of platelets in this case, which is visible in
microscopic images. At faster cooling rates the thickness of platelets decreases, as they
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haveless time to grow. The size of colonies also decreases as parallel platelets can no
longer fill the entire prior beta grain and often nucleate on boundaries of these instead.
In some caseghis can result in a basket weave type structure, referred to as a
Widmanstatten microstructuralthough the likelihood is dependent on Hipha or

beta stabilisers ithe alloy. The size of globular grains is also determined by the
aforementioned processes, however, typically require additional mechanical work to
produce them, with the strain applied by this work also contributing to the size and

number of these grains.

The micrastructure of metal alloys can typically be classed as either globutaqdal

or lamellar, depending on whether the microstructure consists entirely of one grain
typeor of a mixtureof both Figure3.1 present$Scanning ElectroMicroscopg(SEM)

images of these microstructure types where the darker regions represent alpha phase.
The key features to measure in each microstructure type differs cheeficesence of

differentgrain morphologies, as outlin@d Section3.1.2

Figure 3.1: Examples of different microstructure types images by an SEM

where a) globular, b) bimodal and c) lamellar

3.1.2 Microstructural measurements
This sction lists and describes tieaturesof Ti-6Al-4V microstructures that are

desrable to measure.

3.1.2.1Volume fraction of alpha phase
The volume fraction of alpha phadé&; is considered important to measure regardless

of the morphological type of the microstruct(it&], [12]. This is defined as the ratio
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of the area of the microstructure occupied by alpha phaAseto the ente
microstructure area, as inEquation(3.1).

— (31)
3.1.2.2Grain Size
In globular and bimodal microstructures the size of globular alpha grains are among
the most common microstructural features to measure as there isestablished
relationship between grain size and yield strength through thePidadh relationship
[13]. Normally this is reported through the mean grain Si&g,with size being an
estimate of the average diameter of the gi@inas inEquation(3.2) whereNg is the
number of grains.

B O
- (3.2)

3.1.2.3Volume fraction of globular alpha

In addition tomeasuring the size of alpha gmirthe shape of these graissalso
considered significarfiL1], [12], [14], [15] Thepercentage of thmicrostructure that
consists ofylobular alpha is of particular inteteéa microstructuregontaining alpha
platelets due to the superior strength of platelet boundaries compared to globular grain
boundarieq11]. This is quantifiedby the globular volume fractiong. This can be
defined either as the ratio of globukphagrains Ng, to all alphagrains,Ng, asin
Equation(3.3), or as ratio of the area of globukphagrains Ay, to the total alpha
phase aredy as inEquation(3.4).

o — (3.3)
0

, 34
o o (34)
0

3.1.2.4Platelet width

Measurements of platelets pertaimmecrostructures that have undergone martensite
or similartransformatios such asi-modal or lamellar microstructureBhe width of

alpha plateletsW, is the most widely measured featuoé lamellar structures
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Typically it is the mean width of plateletéi, that is reported as this has a proven
relationship to material properti¢$0]. This is shown inEquaton (3.5) wherew
denotegplatelet width andNm is the number of measuremepesformed

B w (3.5)

0

The length of individual platelets is not typically measured as any information given

by this is provided by the colony length.

3.1.2.5Colony size

In certain alloys, suchs Ti6Al-4V, it is common for thalpha platelets to gather in
parallel packets known as colonies, as illustratdtignre3.2. Colony microstructures

can exist where a fully lamellar microstructure consists entirely of platelets organised
into colonies. However, colonies can also exist alongside equiaxed alptaigHain
modal microstructuresThere are several reasons why the size of these colonies is
important to measureéColony size is effectively a measure of slip lenftf] and
thereforeaffects both plastic deformation aratack propagatiofi7]. Smaller colonies
havealsobeen found to lead higher tensile strengi®. Colony sizeCS is reporte

as the mean size of the colonies in the nsittwture, asn Equation(3.6), with the

size of each colony being determined by the average diameter of that ctalony,

B Q® (3.6)

0 —
£

Platelets Globular alpha

Colonies

Figure 3.2 Examples of features in a bimodal image taking using optical

microscopy
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3.1.2.6Platelet orientation

In addition to the platelet and colony siz#® orientation of platelets is sometimes
studied to provide imfrmation about slip plane and material textiir@]. Typically,

this data is presented throughtbgrams of platelet orientation rather than through a

concise metric as is the case with the other properties discussed.

3.1.2.7Summary

A range of features have been identified that are important to me@semeanalysing
images oftitanium microstructureslt should be noted that certain features only exist
in certain morphological types of microstructures. Platelet width, orientation and
colony size are only measured inrbodal and lamellar microstructures. Globular
volume fraction is only relevant ibi-modal microstructuresvhile alpha grain size is
important in both globular and -mmodal structures. A summary of which
measuements & of interesin each image is given ifable3.1, with annotated image

indicating therelevantfeaturegrovided inFigure3.2.

Table 3.1: Measuremens of interest in different microstructure types

Microstructure Type Measurement

Lamellar Platelet width
Colony size

Volume fraction of alpha phase

= =4 4 A

Platelet/colony orientation

Bi-modal Grain size
Volume fraction of globular alpha
Volume fraction of alpha phase

Platelet width

= =4 -4 -4 -

Colony size

Globular 1 Grain size
Volume fraction of globulaalpha

Volume fraction of alpha phase
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Features in microstructures are also sometimes referred to as either primary or
secondary, depending on whether or not grains wereyséing or formed during
recrystallizatioras a result of thermal and mechanpacess applied to the material.
This thesis generally assumes measurements of prignairys,so this distinction is
mostly ignored. Howeverjze filtering methodsdescribed in Chapter 6ould allow

for separate measurements of secondary grains iireeiqu

32) f ACET ¢ OAAETTITCEAO

This section describethe image technologies used to produce the microstructural
images analysed in this thesiad explainsthe challenges associated with images
captur@ using each technologyAs the scope is restricted to 2Bicroscopy only
optical microscopes and SEMs are discussed here.

3.2.1 Optical Microscopy

Optical microscopes are relatively elpeand readily available. As a restitey are
commonly used for microstructural analygsirticularly inindustrialfactoieswhere

the cost of more advanced technologies may be prohibithey opeate by directing

a light source onto the surface afmaterial sample to be examdhand using a
powerful micrascopic lens to view the microstructuitdagnification levels of up to
2000x can be achieved which is oftarfficientto analyse individual alpha graiimsa
Ti-6Al-4V microstructure. Howeverhé images producexdfer a relatively lowspatial
resolution and depth of field when compared to more advanced micro$8hpEse
relatively low resolutions particularly noticeable when studying thplatelets as
thesecan give the appearance of overlapping and it becomes unclear where the
boundaries between these laths are. The lower depth of fieldifiese microscopes
alsoresult in all of thealpha plase being given almost exactly the same intensity value
in a grayscale image. This makes boundaries between touching grains of the same

phasdlifficult to identify. Thesechallengesre illustrated irFigure3.3.
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Figure 3.3: Example of limitations of Optical Microscopy, where boundaries

between grain are not clearly delineated

3.2.2 Scanning ElectronMicroscopy

A Scanning Electron Microscope produces images of the microstructure of a material
by scanning the surface of the material with a beam of electrons. These electrons are
reflected (or baclscattered) onto a screen to produce an inf@peThis type of
microscope is more @ensive than optical technologies but is still relatively common
particularly in academic studiek requires the subject of the sdanbe electrically
conductive but in return can achieve high magnification rates of up to 50,000x and has
an exceptionatlepth of field when compared with optical imag®Bcrostructural
images of Ti6Al-4V, taken using this technologyisplayclear difference in intensity
differencebetween primary alpha and beta ph&sgure3.4 shows an example of an

image capturedsing an SEM.
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Figure 3.4: Example of SEM image of Ti6A4V alloy

From Figure 3.4 it canalsobe observed that individual alpha grains smenetimes
indicated by a different grey level than adjacaliphagrains due to tianges in their
crystallographic orientatignmaking grain boundaries easier to delineate in these
casesThis isclearlynot the case for optical images, showrFigure3.3. However,
although this additional information is useful for identifying graihsan be difficult

to extractindividual grainsdue to noise. Consider a close up of two, touching grains
shown inFigure3.5 a). The grain on the left is slightly darker, meaning it will have
lower intensity values in a greyscale image. However, the grains are both also visibly
noisy which resultg the histogram ifrigure3.5 b) showing only one mode (ignoring
the white background pixels) rather than the two modes expectedff€btof noise

is further illustrated by th@amage of a single grain shown Figure 3.5 ¢) and its
histogram shown ifrigure3.5 d). It can be observeithat pixel values within a single
grainappear tdollow a Gaussian distribution over a relatively wide rangeis noise

can mask the location of the aiilshal grain boundaries SEM technologies are
expected to revealf the additional information providkby an SEM is to be useful

thentheanalysis techniques must take this into accounting when identifying grains.
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Figure 3.5: Close up of 2 adjacent grains where a) shows an image of the grai
produced by SEM, b) shows a histogram of intensity values, c¢) show :
individual grain and d) shows a histogram of pixel valuesvithin that grain
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The following section dnes therelevantftundamentalmage processingackground

theory anddescribegechniques that are used to design the novel algorithms proposed

in Chaptes 5 and 6.
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3.3.1Representations ofdigital images

In this thesis digital imagesme representess a 2D array where each entry in the array
is a pixel. The row and column in the arregrrespondto the y and x position,
respectively, of eaclpixel in the image. The value of eaelementin the array
indicates the intensity of the corresponding pixel. The microstructural images
investigated in this study are greyscale anchdbcontain any colour information,

thereforepnly greyscale and binary images need tdéfeed in this sectian

I n binary i mages each pi xesehtedibgespedtitelller @ ol
a fA1l0 o rmafibd disualynthisappears as either whib@/1) or black (off/0)

pixels, as shown ifigure3.6. The conventionis adoptedhat white pixels represent

the image foreground and black pixel represent the background. Formally, a binary
image,f, can be described as a mapping of the definition domdimtaf {0,1} where

the definition domain ia subsetDs of ", as inEquatian (3.7).

QDO Oy © mip (3.7)

Figure 3.6: Example of a binary image

In greyscale imagegpixel values can be within a wider range of wi@gative integer
values from 0, representing a black pixel, up tepresenting, a white pixel, whane
is the number of bits used to store the image. Formally, a greyscale image is defined

as the mapping of a definition domain into a bounded set@,12"-1} where the
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definition domain is a subsd; of ", as inEquation(3.8). An example of a greyscale
image is given in Figure3.7.

QDO Oy O mipltlB ¢ p (3.8)

Figure 3.7: Example of a greyscale image

3.3.2 Spatial filtering

Images from real world sources are typically imperfect and contain some form of
noise. This noise masks th@ormation that needs to be extracted by altering pixel
values usually, independently frorimage content. This is true for microstructural
images, particularly whepapturedusing sensitive microscopes such as an SEM.
Spatial filterscan be used teedue this noise bynodifying animageby a subimage,
commonly referred to asféter, kernel, mask or window, tcompute an output image
wherethe value ofeachpixel is based on the value @& neighbouring pixelsn the
input imagg2]. A common way to perform this i®aovolution, denoted by.A kernel

is built such that each pixel in that kelrhas a value, which is referred to here as a
coefficient to avoid confusion with regular image pixels. The convolui@mn image
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by akernelis the sum of products of tHeernel coefficients and the corresponding
image pixels written generally inEquation(3.9) for each pixelx, where,qg is the
kernelandDyg is a definition domain where therneland image overlap

"ZC ® QO OCw (3.9)

N

In this way the output for each pixel can be thought of as a weightedof
neighbouring image pixel8Vhen filtering an imageht samdernelis applied to each
point in the original image to produce a filtered output imHge thereforgnecessary
for thekernelto havean origin which will be aligned witta pixel in the image when
calculating the output valus that pixel Examples of a 3xBernelis given inFigure
3.8, with the equation for the responselas filter provided inEquation(3.10).

\ w(-1,-1) | w(-1,0) [ w(-1,1)

— wio,1) | w00 | w0,

w(1,-1) w(1,0) w(1,1)

Original image f(x,y)

Figure 3.8: Example of kernel applied to filter an image
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Kernels are typically rectangular but can be of different sizes. In spatial filtering the
size of the kernel is critical to the success of the filter. Therefore, it is necessary to
define a more generic equation for the filter response. For an arbitrsidsd
rectangulan x k kernel it isassumd j=2a+1 andk=2b+1 wherea andb are non

negative integer values representing the width and height of the kernel. This means
kernel length and height @hodd number and therefore symmetric across the x and y
axis through some origin poiltlon-symmetrical kernelare not defined in this thesis

as these inherently cause distortion and are not useful fapidimg. A general

equation for the response of a linear spatial filter is giveétgumation(3.11).

Y o "QIMQ® (h o (3.11)

The design of coefficients in the kernel can be used to remove different types of noise.
An example of this type of filter is &ssiarfilters, which usecoefficientsvaluesin

the kernetdesigned to remove noise followingsaussiamistributionfrom theimage.

This type of filtering is oftemeferredto asGaussiatblur as ithas the effect of blurring
adjacent pixels togethg®]. Non-linear filters such as median filtering do not use
convolution, but still use the same approach of applying a kernel to each pixel in an
image to compute a new filtered image. This particular filter uses kernels designed to
find the median of the pixelalues in the original image that overlap with the kernel

to remove bright and dark spots, called salt and pepper[2piSde most appropriate

filter to use will depend on the type of noise present in the image.

3.3.3Thresholding

Thresholding $ the technique of cajerising pixels by comparing themlue to pre
determined cubff values. In image processing thign®st commonly used to convert
greyscale images to binary images by mapping all pixels with a value below a
threshold t, t o dliothose gyneater than or equalttb o A 1 0 . This is
Equation(3.12) wherefswis a binary imagefs is a greyscale image axdandy are

pixel coordinates.
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(3.12)

3.3.4 Distance transform

The distance transform & simple but useful transformpplied to binary data to
measure the distano¢each point in the image foreground from the backgrotihd.
distance transforpDT, produces an image where each pixel in the foreground has a
value equal to the shortest distande between that pixel anthe nearest nen
foreground,i.e. zero valued, pixel, as iBquation(3.13). All non-foreground pixels

wi | | remain at noo.

oYQ o [ ERawsSe w (3.13

This transformcanprovide direct measurements of objects in a binary ingteugh
is useful most effective when used to provide input data to more advanced image
processing tools.

3.3.5Image gradient and edge detection

The gradient of an image describes variations in thengity level ofneighbouring

pixels. Two measures of gradient are often considered; the gradient magnitude which
measures the difference in intensity values in that neighbourhood, and the gradient
orientation which measus¢he direction in which the gresst differercein intensity
variationoccurs. An example of the gradient magnitude for a 1D signal is shown in
Figure3.9.
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Figure 3.9: Example of gradient magnitude where a) is pixel intensity in I

dimension and b) is the corresponding gradient magnitude

The process of finding locations of large image gradient is known as edge detection
and is useful for finding boundaries between objects of differing intensity. These
techniguedraditionally use either the first or second derivative to compute gradient
[2]. For 2D image dat#his normally involvesfiltering the image withpre-defined

kernels specially designed to approximate the derivative of the im&geeral
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different kernels have been used for this tagk) the Sobé [20], and Prewitt [21]

operatorsbeingamong the most commonly used in girse [2]. Each kernel type

performs the same taskf computing image gradietttut achieve slightlydifferent

results a comparison of which is provided [i20]. The Sobeland Prewittoperatos

areshown inFigure3.10 Eachedge detection method consists of two separate kernels

for computing the gradient in two perpendicular directions. The equations necessary

to compute the gradient magnitualed orientatiorat each pixelising these methods

is given inEquation(3.14) andEquation(3.15).

-1 0 1

-2 0 | +2

-1 0 1
Mask Gx

-1 0 1

-1 0 1

-1 0 1
Mask Gx

+1 | +2 | 1
0 0 1
1| -2 | -1
Mask Gy
a)
-1 -1 | -1
0 0 0
1 1 1
Mask Gy
b)

Figure 3.10: Edge detections kernels where a) is th@obel kernesand b) is the

Prewitt kernels
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'O O O (3.14)
. ..Q
— AOAZ (3.15)

Edge detection can be thought of as a thresholding of the gradient magnitude of an
image to find only the most significant edgesmage dataThe threshold value used

will. Therefore, determine which potential edges in an image are detdotegample

of gradientmagnitude computed using Sobel kernedsidedge detected imagesth
different thresholdappliedis given inFigure3.11.

c) d)

Figure 3.11: Example of edge detection where a) original image, b) gradier
image, c) edge detection withthreshold=1 and d) edge detection wher
threshold=2
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3.3.6 Mathematical Morphology

Mathematical morphology is a theory and technjdiust introduced by Matherd22]

and Serrd23]. It can be used to analyspatial structures images using techniques
based on set theory, integral geometry and lattice alg2BbtaA myriad of distinct
image analysis techniques exist that are basédathematical Mrphology. Many of
these are built frontwo fundamental morphological operators called erosod
dilation. These operators function by probing eaclatioa ina givenimage with a
pre-defined suimage known as a Structuring Element (SE). The response from these
operators is an image where pixel valuescaraputed as a function diow theSE
interacs with features of the investigated image. This section provides the definition
of a SE, the twofundamental morphological operatioapecified and two further
operators, called the opening and closing, which are useful to the work presented in

this thesis

3.3.6.1Structuring Elements

A SEis aset that is used to probe the image under investigation. A SE can have the
same dimensions as an input image so can be either 2D, known as a flat SE, or 3D,
known as volumic, nofflat or greyscale SE. The response of a morphocébgperator

using a flat SE depesanly on the shape and size of image features while greyscale
SE are more sensitive to intensity variations. The aim of this research is to investigate
the shape and size of grains so only flat SE are considered iantfaénder of the

thesis.

A morphological operator will probe the image at every location a SE with an origin
at that pointA SErequires a single point be designated as the origin, which is used
for positioning the SE at each point in the studied image. dutput of the operator

will then be stored at the same@alinate in the output image. A SE does not need to
be symmetrical and the origin can thearally be any point either insidar outside

the surface of the SE. However, for many practical agipiins a symmetrical SE with

an origin at its centre is most useful. Symmetrical SEs are less likely to distort the
image and any information extracted usingrnttwould relate directly the shape and

size of image features.
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The shape and size SEs relative to image features have a significant impact on the
output of morphological operators. This relationship is useful for extracting
information about the image under study. A good example of this is granulometric
technique$25] where SEs of increasing size are used to obtagisfarmation from

an imagediscussedaterin Chapter 4

3.3.6.2Erosion

The erosionkj is a fundamental morphological operator named as it often has the effect
of shrinking binary sets relative to tB& If larger SEs were used objects would shrink
more or even disappear complet@dhore precisely, the erosion abinary imagefsw,

by aSE,B, is the locusf points,x, for whichB, with origin atx, fits completely within

fsw whereB is translated through all points figw. This is written inEquation(3.16)

where By is a SE with origin at pointx. It can be thought of as the answer to the
guesti on SEffiiDto etsj244t hseet ? 0

-0 @ PO (3.16)

The erosion of a binary set is illustrated-igure 3.12 where theSEis a 3x3 square.

Figure 3.12 Example of the erosion of a binary image with pixelalues shown

where a) original image and b) erosion by 3x3 square SE

The effect of erosion can be observed here as objects in the image are made smaller as

when a 3x3 SE overlaps the image with its origin at the outermost pixels of an object,
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the SE doesot entirely fit the image while SEs with origin at the centre of objects do.

The object that was smaller than the SE was removed completely by this operation.

For greyscale images there is no clear binary decision on whether or Sé&ifitsethe
image.In this caseerosionis instead bettedefinednot as a set of points that fit the SE
but the minimum value of all pixels that coincide with that SE at each point, as written
in Equation(3.17).

- o [ ETQo o (3.17)

In greyscale images the erosion generally has the effect of reducing bright regions in
the image relative to the SE. The effect of this is showrigare3.13 where an &it
greyscale image is eroded by a 3x3 square SE. It can be observed tigetkeare
shrunk or removeds before, howevethis timepixels close to object boundaritde

ont he value of the surrounding region rat
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a) b)

Figure 3.13: Example of the erosion of a greyscale image with pixel value

shown where a) original image and b) erosion by 3x3 square SE
3.3.6.3Dilation

The dilation,U, is a fundamental morphological operator named as it often has the
effect of increasing the area of a binary set relativeS& dt is the dual operator of
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the erosion defined in Secti@3.6.2 Formally, the dilation of binary imagésw, by

a SE B, is the locus of points, whereB, with origin atx, coincides with any point in

few whereB is translated through all points fisw. It can be tbught of as the answer

to the ques®8BRhoin, tAHRde. akseistwhdten inEquation(3.18)
wherelx is aSE with origin at pointx which is a reflection oB through its origin.

This reflection has no effect on symmetri€dls. However, for norsymmetrical SEs

the reflection is necessary for erosion and dilation to be combined in meaningful ways,

suchthe opening and closing operators
1T Q o = Q z (3.18)

The dilation of a binary set is illustratedfigure 3.14 where theSEis a 3x3 square.

This demonstrates thatlation generally has the effect of increasing the area of
foreground objects. This occurs as all pixels originally in the foregroundren a fA 10
asdo pixelswherethe SE, with origin at that, would overlap withny point in the
originalforegroundlf a larger SE was used the background between objects would be
made larger still grif the SE was large enougthe objects would merge dnthe

backgroundvould disappear completely.

Figure 3.14: Example of the dilation of a binary image with pixel values showr

where a) original image and b) dilation by 3x3 square SE
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For greyscale images there is no clear binary decisiowlmther or not an SE
coincides with the image. For greyscale imagdgation is therefore bestlefined not
as a set of points where the SE hits the imageasithe maximum value of all pixels

tha coincide with the SE at each point, as writteguation(3.19).
T Qo | ADo & (3.19)

In greyscale images the dilation generally has the effdmtigiitening andncreasing

the area of regions in the image that are brighter than their surrounding area relative to
the size and shape of the SE. The effect of this is showigume3.15where an it
greyscale image is dilated by a 3x3 square SE. It can be observed that the area of the
brighter objects increases, as was the case in binary images, however, the pixels close

to object boundaries have the value of the brightest neighbquiing e | r at her t |

100 100 100

100 100 100

100 100 100

100 100

100

a) b)

Figure 3.15. Example of the erosion of a greyscale image with pixel value

shown where a) original image and b) erosion by 3x3 square SE

3.3.6.40pening
The opening, o, is a combination of the

the effect of removing binary sets tlwainnot fully contain the SE&An opening can be
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implemented by first eroding an image and then dilating the result, Bguation
(3.20).

Q1 -0 (3.20)

When performing an openinthe dilationoperatorattempts to recomrsict data lost

during the initial erosion. blvever, as the dilation is not an inverse operatdahe
erosion,this is often not done perfectly and some data may still be Gogically,

objects that are completely removed by theahigrosion cannot then be restored. An
example of the erosion of a binary image using a 3x3 square SE is proviegdria

3.16. The two objects smlar than theSE are completely removed from the image
while the other object remains. As the shape of the SE matches the shape of the object
the remaining object is perfectly reconstructed. If the shape of the SE does not match

the shape of the image objsome distortion might occur in the remaining objects.

a) b) c)

Figure 3.16: Example of opening a binary image by a 3x3 squar8E where a)
original image, b) image after erosion and c) image after opening i.e. tt
dilation of b)

3.3.6.5Closing
The c¢closing, a, is the combination of th

often has the effect of filling gaps between objects whergap is small enough that
a SE can be placed such that it coincides with multiple objects. A closing can be
performed by first dilating the image and then eroding the result Fapistion(3.21).
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« C -1 (3.21)

When performing a closing the erosioperatorattempts to restore the image to its
prior state before thiaitial dilation, reconstructing the background data in the image.
However, as thigrosionis not an inverse operator of thaation, this is not always

done perfectly and some data may be. IBsickground regions that are completely
removed by the initial dilation, i.e. any point where previously separate foreground
objects are joinedare often notrestored to the previous stdbdy the subsequent
erosion An example of the opening of an imalge a 3x3 square SE is provided in
Figure3.17. It can be observed that gaps within objects or between adjacent objects
are removed when these gaps smaller than th&SEs. Meanwhile objects that are
further apart than the size of the SE remain separate. If the shape of the SE is different
than the shape of blagroundregionsthen some distortion can occur when performing

theclosing

[=}
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Figure 3.17: Example of closing on a binary image where a) original image, k

dilated image and c) is the clasd image i.e. the erosion of b)

3.3.6.6 Top-Hat Transform

The TopHat Transform is a type of morphologidéter than can be used for various
tasks, including daoising and resolving lighting inconsistencies. Two
complementary operators exist, the White -Fgt (WTH) and the Black Toeplat.

The WTH is the subtraction of the opening of an image from thenatighage, as in
Equation(3.22). The BTH is the subtraction of the original image by the closing of
that image, as in Equati@B.23).
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oY@ -« "Q Q (3.23

3.3.6.7Hit-or-Miss Transform

The Hitor-Miss Transform (HMT) can identify objects that fit specific size and shape
requirements by extracting the pixels from an image matching a given neighbourhood
configuration[26]. This is achieved by using two SEs, oneahkhinust fit within the
foregroundBrg, of the image and another which must misBgg. A formal definition

of the HMT off by B is written in Equatior{3.24).

00 YQ &6 P AOG P /E (3.24)
This can also be written in terms of an intersection of two erosasns Equation
(3.25).
00 YQ - "QZ - Q (3.25)

A simple illustrative example of the HMT to extract circular objects of a specific size

is shown inFigure3.18.

® ‘ ®

O EBE
. @ Composite SE

a) b) C)

Figure 3.18: lllustration of HMT where a) original image, b) is the set of SE

used and c) is the transformed image with objects extracted

3.3.7 Geodesy, Geodesic Distance and Time
Generally, geodesy is the science of accurately measuring properties of the earth such
as the shape and area of its surface. In image processing the concept of geodesy is used

to study pixels in an image constrained to remain within some subset of the imag
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plane [24]. In particular, the idea of geodesic distance is importanimage
segmentation techniques such as the Watershed Transform, used in Chapter 5 t
segment globular alpha grains. Geodssyefined her@rimarily in order to facilitate

the Watershed definition given later in this chapter.

The geodesic distance is thieortest path between two points on a surface where the
path is constrained to exclusively follow that surface. This differs from the Euclidean
distancewhich would be the shortest path between the two points in Euclidean space,
as illustrated irFigure3.19.

Geodesic Distance

Euclidean Distance

Figure 3.19: lllustration of geodesic and Euclidean distances between tw

points on asurface

The geodesic distancds(x,y), between poink andy of surfacea is the minimum
length,L, of all pathsP=(ps1, p2, ép) that both joirx andy and are included in, as
in Equation(3.26).

Qaow [T EDOE dn ot QPO (3.26)
It is possible for multiple paths between two points to have the same minimal length.
These paths are called geodesics and the sudaisecalled the geodesic mask. For
two points on different geodesic maghwere is no path between them so the geodesi
distance in considered infinite. It is often useful to consider the geodesic distance of a

point from a set, rather than from another precise point. For such a set, often called a
marker set, the geodesic distard:€x,Y), between a pointand markely , where both
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are subsets d, is the smallest geodesic distandgyx,y), between poink and any

pixelyin Y,as shown ifequation(3.27).

Q Ghod Q (3.27)
The geodesic distance for each point in a maskgetween that point and a S¥t,is
given by the gedesic distance functiomvhereda(Y)is the output of this function, as
in Equation(3.28).

QO o Q ot (3.29)

The geodesidistances between a given paamid marker sets within a geodesic mask

are illustrated inFigure 3.20. These distances are useful later in the definitions of
markerbased segmentation techniques as they allow the distance between points and
a marker to be calculated taking account of the slofphe mask. More detail on this

can be found in Sectidh3.9

Yy Y
X X

S £ ~_4F

a) b)

Figure 3.20: lllustration of geodesic distances where a) shows the geode
distance between point x and y and b) shows the geodesic distance betw

point x and set Y

Geodesic time functions are also defined in this sec#@nstaticimages do not

actually have a time component in their
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considering the value of pixels in a greyscale image& speed for the image. This

would imply faster speeds and lemtransversalimes for low grey levels andoe

ver sa. From t hi s#P)tocoveepathP iothe intepra of &longne , §]
p, as inEquation(3.29).

T 0 Qi Qi (3.29

For digital image processing a discrete version of this is required. In this case the time,
U(P), to cover pattP of lengthl is the sum of the mean values of adjacent pairs of
values inf along patlp, as inEquation(3.30).

- "Qn "Qn "Qn "Qn

Ty poly (330
q q C

The geodebsy) betweedn twe pointshndy on geodesic maskis a measure
of the smallest amount of time requiredcover any possible patR, alonga linking

x andy, as inEquation(3.31).
T aw | ETf 0s0a Qecigd (3.31)

The geode(sY)chetweennaeoint dhd a selY on maska is the smallest
amount of time to link poirt with any point inY, as inEquation(3.32).

t oo T EF oo (3.32)

If xbelongs tor,then the geodesic time is zero. The key differences between geodesic
time and distance is that as it assumes a relationship between the height of a surface
and speedherefore, geodestame depends on the directionality of a path rather than
just its length. Thisdistinction between the time to reach equidistant pantseful

in the definition of the Watershed Transform given later in this chapter.

3.3.8 Segmentation by geodesic transforms

The segmentation of a 2D dimensional set canpbgormedusing thegeodesic
functions defined in this chapteklthough not directly applietb the images in this
study the following functions form the basis of the Watershed Transform which plays
a key role in the techniques proposed in this thesis. A geodesic masi be

segmented by identifying the Influence Zones (1Z) of markerYsetAn Influence
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Zone is defined as a set of points at a finite geodesic distance from a wiaidteare

closer to that marker than any otlgg}, as inEquation(3.33).
VoOd oV QW dhd Qo (333

This can be calculated to form a complete segmentatianbyf the union of the
regions of influence for all markers in Y, asHquation(3.34).

VOO Q ® (3.34)

The boundaries between the zones of influence are known as the geodesic skeleton by
zones of influence (SKIZ)The skeleton by zone of influenceYin a, SKIZx(Y), is

given inEquation(3.35) where/ denoteghe set difference.
YO 0@ QOFOO® (3.35)

An example of the IZ and SKIZ for a flat surfaggh two markerss shown inFigure
3.21

\ SKIZ

Figure 3.21: Examples of zones of influence of a surface based on 2 markers

3.3.9The Watershed Transform
The Watershed Transform is a useful image segmentation technique first proposed by

Beucher and Lantuéjol27]. The concept is based on what happens when rain falls
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onto a surface with a varied topography. As the rain falls each droplet of water will
run down the his and valleys of the surface until they reach a local minimum in the
height of the surface. The water will then gather to form a basin which will continue
to grow until it eventually overlaps with basins from other valleys. The moment before
this overlapoccurs a ridgeline in the surface appears betweenht#ra which is
referred to as the watershed. Beucher and Lantuéjoul proposed that this concept could
be applied to segment images by using a topographic representation of the image
where the relative fferences in the height of the surface coroe}s to the probability

of adjacentpixels belonging to the same object in an imagee surface would be
flooded with floodsfrom different catchment basins are prevented from merging so
that ridgelines, oftemeferred to as watershed lines, remain even when the entire
surface is flooded. These lines separate each region in the surface. A common
implementation is to use the gradient image, defined in Se@tB4 as the input to

the Watershed Transform. Provided that adjacent pixels of similar intensity are more
likely to belong to the same object this provides a suitable topognaggrEsentation

of the imagdor segmentation using the Watershed algorithmthe gradient image,

high values are returned at points where a large intensity variation exists, most likely
to be object boundaries, and flat, shallow minima are returnedatidos where pixel
intensity does not change significantly, most likely to be within a single object. An
illustration of the Watershed Transform applied to the gradient image is shown in
Figure3.22.

High gradient between objects Separate flood from each minima

*\\//’ - X
N/
Minima Watershed Line
Original greyscale image Topographic representation Flooded Surface

Figure 3.22: Example of a topographic surface and the catchment basins ar

watershed lines that are formed

Although helpful for understanding the origiof the concept, expressing the

watersheds by falling drops of water is not useful in practical applications and cannot
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be used to formally define the Watershed Transform. This is because it does not
describe how water should flow when there are multipksible directions of flow or

if there is a plateau in the topographic surface. Instead formal definitions of the
Watershed Transform fit better with the analogy that the topographic surface has holes
punched through each local minimi@fore the entire stace isslowly submerged in
water. Floods from different sources are still prevented from merging to preserve the
watershed lines but with this description floods now have a clear origin and direction
of flow which makes it possible to define how irregitias in the topographic surface
should be handled. The Watershed Transform can be equivalently defined in terms of
a simulation of the flooding of a surface or in terms of geodesic transfdjnis this
sectionthe Watershed definition based on geodesic transf@msedas it is more

consistent with other definitions used in this thesis.

To define the Watershed in terms of the geodesic transfol@ssribed in Sections
3.3.6.6and 3.3.8 the topographic surface representing the image is considered as a
geodesic maska, and the minima from which floods begin as marker Séts,
Catchment basingCg) are considered equivalettt the zones of influence of each
marker set. The watershed liné%)(are then equivalent to the skeleton by zones of
influence (SKIZ). In order for this to correctigimic the flooding from local minima

and perform a correct Watershed Transform a fewificatlons to the topographic
function, representing the image to be segmented, are necessary. First the regional
minima, Rnin, Of the topographic functiot, representing the input image, should be

set to the minimum value possible in this functiam,fas inEquation(3.36).

— s 0 Q@'Y Q
QO ouk ERI 00 0 (3.36)

As the standard Watershed algorithm assumes the surface is flooded from all regional
minima this ensures all minima are at the same depth, therefore, preventing floods
from shallower minima from spilling over intadjacent catchment basins. Next the
geodesic time function is applied to the internal gradient of the topographic function,

G- 1, ayith geodesic time measured with respect to the local minima, Bguiation

(3.37).
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e + v 0 (3.37)

This assigns to each point on the surface a time value based on how long it should take
to flood this from its nearest minima. This ensures that there is a clear order for floods
to proceed even when there are plateaus in the topographic surface. Thehese o
geodesic time rather than distance means that lower points on the surface are
prioritised, mimicking the flooding ideology on which the Watershed Transform is
based. The catchment basins and watershed lines can now be found by computing the
influencezones and SKIZ of with respect to the local mininfmin, as described in
Equation(3.38) andEquation(3.39).

560 OO Y (3.38)

O & YO OQH Y (3.39)

The advantage of the Watershed Transform is its effectiveness at segmenting large
clusters of objects in an image. As all catchment basins are growing simultaneously
depending on the relative heighttbé topographic surface, this medmst knowledge

abaut one object can inform the segmentation of another. For example, if the boundary
between objects is unclear then segmentation techniques that attempt to identify each
object separately would likely fail as it could miss this boundary entirely. However,
provided two local minima exist, the Watershed Transform will always segment the
image into 2 regions, placing the boundatythe highest point in the topographic
surface between these mininTdnerefore, povided local minima in the topographic
surface exst for each objectunclear boundaries beésn them will at worst be
misplacedrather thamot being identifiedFor clustered objects this would often lead

to lower segmentation errorhan other methodsFor example consider the
segmentation of two oviapping objectsn a binary imageusing the Watershed
Transform with distance transform as the input function is showigure3.23. Pixel

values &the grain value show the sarhemogeneityas those within each object,
however, as a minimum is found for each object the two objects are still segmented,

despite boundary pixels themselves not being directly identifiable.
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a) b) c)

Figure 3.23 lllustration of segmentation using the Watershed Transform where
a) is the original image, b) is the topographic function and c) is theegmented

image

3.3.10 Marker-based Watershed Transform

In the standard defition, and examples given previously, the Watershed Transform
floods the topographic surface from all local minima to produce a segmentation.
However, this often produces segmentation errors particularly in noisy data as a
significant number of small lotainima can exist in the input image which do not
relate to a regioof interesin the image. Each of these minima form a catchment basin
representing an object in the image, too many local minima would lead te over
segmentation of the image. To resalvis Meyer[28] proposed the use of markers to
designate locations from which floods shoubegin independently from the
topographic representation. In the ideal case one marker should be placed within each
object in the image. This would ensure the image was divided into the correct number
and location of segments. Only errors in boundary iocatould then be possible and
positioning a boundary between multiple markers is the strength of the Watershed
Transform.This is demonstrated iRigure 3.24 which shows the separation of two

touching grains using the Watershed Transform.

It can be observed that, despite several local minima existing in the image, provided
two markers exist as inputs there will also exist two regions in the segmentation. It is
also visible that the boundary between these regions occurs at the peak of the

topographic functior.
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a) b)

Watershed Watershed

Intensity c8, ke c8, i
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X location

c) d)

Figure 3.24: Example of a topographic surface and the catchment basins an
watershed lines that are formed where a) original image with markers, b) plot o
intensity values for the 1D line marked, c) is the result of the watershed transforr
shown in one dimension d) is the watershed line drawn between the grains in t

original image

The marketbased Watershddansformcan be defined using geodesic transforms in a
similar way as the tradition®Vatershed, except with the use @fiReplaced by a pre
defined marker sei. First only pixels that lie within a marker are set to the lowest
possible image value, astguaton (3.40). For this to work correctly this value must

be lower than any other minima in the image.

Q fQ@ b Q

Qo ouk i 000 Q (3.40)

Then the geodesic time, influence zones and SKIZ are calculated by the same method
as before but with respect to markévs,as inEquationg3.41), (3.42) and(3.43).
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(3.41)

Qe T 0 "Q
566 0O D (342)
© & YO 'OH O (3.43)

The benefit of the use of markers is illustratedFigure 3.25 which shows the
segmentation o microstructure in this studysing the Watershed Transform with
and without the addition of markers.

Figure 3.25 lllustration of segmentation using a Marker Based Watershed Transform
where a) original image, b) segmentation using Watershed Transform, c) suitable set of
markers and d) segmentation using the a Marker Based Watershed Transform
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ALl TERATIREREI EW

The prmary research goal addressed in this thesis is to improve the microstructural
analysis of Ti6AI-4V alloys using automated digital image processing teciesiq
Ultimately this goal is achieveuly the asignof a novelimage processinglgorithms

that are vell suitedto microstructural analysis, which are then validateda real

world dataset. Achieving this requires an investigation of two key areas. First, existing
analysis procaates currently used for measuring titaniumcrostructures are
investigated This enabled the identification ofhich features can currently be
measuredising existing techniquebow they are measured and what weakness exist
with the current procedures. This provs@ understanding of the staiéthe-art in
microstructural angsis techniques arfdcilitates the identification of conceptgdps

in the knowledgehatthis thesiscanaddress. Secondly, methods of automating image
analysis in other applications aasoinvestigatedThe strengths and weaknesses of
these procedes are assessed in order to identify which techniques are useful to
incorporate into the new microstructural analysis algorithms develdesireview

is therefore split into two sections.

The first section focuses on existing techniquesatesgppliedto measure the features
of complex microstructures such as6Rl-4V. Both manual, automated and semi
automaed techniques are considered in order to identifyctiadlengeswith current
analysismethods that need to lwvercome This literature representthe baseline
performance of microstructural analysis that the techsigueposedn thesis aim to
better. This section is therefocaitical to illustrating the contribution made by this

work.

The second section of this chapter studies inpageessindgechniques applied in other
fieldsthatit is believedhave notyetbeen applied to microstructural imadige those
in this study The motivation for this is to try and identifiye most appropriate, state
of-the-art techniques that can potally be applied to microstructural analysighis

review will briefly discuss a range of differemiethodsput the primary focus will be
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on techniques that are applied in similar applications and applications producing
images with similadooking content andoroperties. A full explanation of which
applications are considered similar is provided in Secti@nAs well as identifying

the best approach for developing image processing tools for microstructural analysis
this section of the review also identifies knowledge gaps in thd bélimage
processing which may negatively impact the applicability of existing methods to
microstructural analysisThe rovel solutions to these problemgroposed in this
thesiswill not only facilitatethedesign oihew and improved microstructural &yss

techniques, but also contribute knowledge in the image processing domain.

The specific questianto be addressedn this review are outlined in the relevant

section.

41' T A1 IUBEIOEAOT OOOOAOO0OAO
This section studies existing techniques that are spaityfdesigned for the analysis

of the microstructure of materials. It aimsaadresseveral key questions:

1. What manual methods are currently available for microstructural analysis?

2. What weaknesses and limitations exist with manual methods which lead to
automated solutions being seen as an attractive solution?

3. What attempts are made in the literature to autonmatgdrialanalysis?

4. What weakness and limitations exist watlrrentautomated methods?

4.1.1Existing Manual Methods

For the purpose of this reviewamual measurement methods are defined as those
methods where the measurement ahef@ature is dependeslelyuponexpertinput

from a materials scientistSuch techniques anrgery commonly used to perform
microstructural analysis in both academic amtlistrialcontexts Different procedures

can beapplieddepending on the type of feature to be measured, however they all
require marking théocation orboundariesf individual features. As suglthe time
requiredto perform these method$ependsupon the numbepf featuresto be
measurecndthe number andccuracyof marksnecessary to measure each feature
As with all manual technigugeuman errors always possiblevith subjectivity and

bias alsgpossiblein certain casesStandardised methodsedefined to try and limit

50



the influence of these factors. This section discusses these methods and estimates how
significant the aforementioned problems are in microstructural sineBpecifically,
standards definetly the American Society for Testing and Materials (ASTavg
reviewed These standards are widely recognisediwitidustry and all academic and
industrial research centrigs/olved in this researalseeither preciselyhese standards

or a bespokeprocedure based on thenThis section describes both the original
stardard and the variations that canused.

4.1.1.1Linear Intercepts

A set of streamlined methods for manually measuring grain size are defined in the
ASTM E112 standarf9] which is useful for measuringyain size. The standard uses

linear intercept methods in which the length of line segments that fit within grains are
used to measure their size. The standard recommends creating these line segments by
overlaying a standardised test pattern of lioea microstructural image, as shown in

Figure4.l.

Figure 4.1: Examples of grain size measurement usg a standardised test
pattern where blue lines indicate the standardised grain and red circles sho

where the test lines intersect with grain boundaries
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An expertmaterials scientighen manudy markslocationswhere the lingon the test
pattern dissest the boundariesof grains, with the distancbetweeneach marked
locationon the saméine recordedas a grain measuremeiithie E1382 standaf@0]
describes how computer software and a digitising tablet can be used to perform this
task efficiently.Test patterns are designed so that the lines dissect grains at random
orientations. This meanshat each individualmeasurementis not necessarily
repreentative of any specific grain dimensi@s a result, it is specified thatinimum

of 300 measurements are requitedachieve astatistically accuratestimateof the
meangrain sizeof the microstructure It is determined that for relatively equiaxed
grains (<3:1 aspect ratio) a suitable estimate of grain size can be achieved using
standardised linear or circular test patterns applied to only the longitudinal cross
section of the specimen. For reguiaxed grains, measurements using such a pattern
would need to be repeated on multiple orientations of the specimen (longitudinal,
transverse and planar) to estimate the overall grain size. The use of these standardised
test patterns mean that tmaterials scientiss not given any choeover which grains

to measure, eliminatinipe possibility of user bias affecting measurements. However,
this also prevents thmaterials scientistrom being able to select specifitains or
dimensions to measure. As a result, measuremeshabebased properties, such as
thevolume fraction of globular alphar more precise propertisach as platelet width,

arenot possible using standardigeatterns.

To measureproperties other thameangrain size, thdinear intercept procedures
proposed if29] can be adapted to usganualy sele¢edline segments, rather than a
pre-determined test pattern. To do thisnaterials scientisivould deliterately place

line segments along the dimensions of the grain to be measured. This allovesdor
precise measurement of individual properties such as platelet width or, provided that
the order in which these lines are placed are controlled storeéd, individual
measurements of grain size and aspect ratio. For example, the size and aspect ratio of
individual grains could be assed using line segments placed along the length and width

of each grain, terminating on the grain boundaryilastrated in Figure4.2.
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Figure 4.2: Example of linearinterceptsusing specifically choseline segments

(yellow) drawn across major and minor axis ofgrains to be measured

In this case the grain size for a single grain is estimated as the mean value of the
segments that dissect it. The aspect ratio of the grain is the ratio of the longest to
shorest segmentthat dissects that grain. Manually selecting line segments makes
linear intercept procedures more powerful, however, creates a chance of bias effecting
resultswhichwasnot possible when using standardised patterns. In practical scenarios
it is likely that thematerials scientistill have some expectation of which samplel w

have larger grains which could potentedd to an unfair selection of which grains to
measure, perhapsven subconsciously.n&ller grains arealso more difficult to
measure and will often require panning and zooming to correctly place line segments
within them As it is normally only necessary to measure a subset of grains in the
image there is a possibilitghat, due to the materials scientist bgiable to select
which grains to measuréhe smaller and motane-consuminggrains are more likely

to not be measuredhis is more likely to occur when measurements are required
quickly. As well as the bias problemhd opportunity to selecivhich dimeasion to
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measurealsointroduces a chance diuman error. In the example Fgure 4.2 the
correct Al engtho and i widdntify)y mearonf diferat h gr a
materials scientistcould measure different diameters aslémgth and width. As

manually placed line segmanare more likely to represethe true diameter of that

grain than a randomly placed segment from standardisedmétie not expected that

this will be problematicwhen measuring grain sizédowever, the difficulty in

selecting the length and width could cause more significant variations when measuring

aspect ratio, particularly when grains are not perfectly ilépt

The E112 standarduggests reportinqieasurements of grain size using the ASTM
grain size numbefG, which is based on the number of grains per square inch at 100x
magnification. This thesisisteadusesthe measurement of the average diameter of a
grain inem as a measurement of grain size, as describ€tapter 3as this is more
common in academic research environmehte E112 standard quantifies the level

of subjectivity expected when using linear intept techniques. It states that
measurements of the same microstructure by different users can vary by-p%&G+/
which equates to approximately 16%eim. This is not particularly precise and has
implications for the development of new techniqudgimg on small incremental
improvemend. For example, ith such high variations in measurement, an
improvement in a technique that refined grain size to5%e smaller would be
challengingto detect. Therefore, measurements could misdirect research by faili
identify techniques that had a genuine impact on microstructural evolutti@s.
important to consider that the subjectivity in grain boundary locations in
microstructures is not consistent, so the variations reported by this standard may be
lower depending on microstructural complexityhe standard does not estimate
measurement time but iMvas determined empirically that these methods take
approximately 15 minutes tproduce the 300 grain measuremergguired for
statistically valid result§6]. Due to the 16% variation in repeatability it may be
necessary imcertain studies or processt have multiplenaterials scientistrepeat
measurements in a roundbin format to validate results. This could lead to very long
measurement times when evaluating large datasets. Measuring very fine deltails suc
as thin alpha plateletan potentially be even motieme consuming due to the need to

pan and zoom to mark intersections or place line segments.
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4.1.1.2Point Counting

The ASTM E562 standarf81] describes techniques to measure volume fraction of
constituents or phases of a microstructure based o gminting A set of points are
distributed throughout an image and the expert then specifies which points lie within
each phase. As with the E112 standard adptermined set of test patterns are
recommended to remove bias. Specifically, the circular square grids shown in
Figure4.3 are suggested, although any grid layouts are acceptable provided the points
are equally spaced. The percentage of points marked within a single phase gives the
volume fraction of that phas&o give statistically reliable results it is often necessary

to repeat this technique across multiple imagfethe same samplend average the

result to ensure the grid does not align wiithgrains of a single phase by chance.
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Figure 4.3: Examples of possible grid configurations for point count tests wher:

a) shows a circular test grid and b) a square test grid respectively

Repeatability is again a concern with this method ancE®®&2 standard estimated
repeatability at around -/0%. The standard includes an estimate of the time required

to perform analysis using this technique at318 mi nut es dependi ng
experience. Crucially, it should also be considered that this asthnsl basically a
sampling technique and assumes prior knowledge of the phase of each point on the
test grid. This means this method can only work whemiderials scientistan look

at a microstructure and easily and reliably identify which constitoenthase it

belongs to. For measuring the volume fraction of a phase in-phage alloy such as
Ti-6Al-4V this would work well as there is a clear intensity difference in the image

making the phases easily distinguishable. However, measurements ddiglatbume
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fraction can be more difficult as it requires the user to estimate the aspect ratio of a

grain, which is not always a trivial task and may require further measurements.

4.1.1.30ther standards

While the E112 and E562 standards are sufficient to mediserrsize and volume
fraction of grains a few other standagkist to measure specific statistical properties

of the microstructure. For examplthe E930 standar{B2] describesmethods to
measurehe grain size of only largest grain in the imageasurement of this property

IS necessary in certain cases as the largest grain often correspthadsit@ation and
propagatiorof cracks in the material' he standard specifically states that this method
will only work for outlier grains far from theverage grain sizeith a sparse
population.The E1181 standai®3] describes methods for characterising grain size

in microstructures where grain size does not follow a singlentmgal distribution.

In these cases, an average size of all grains may insufficiently describe the
microstructure and lead to incorrect assumptions about material behaviour. The
method estirates the area fraction occupied by different grain sizes and suggest the
use of the aforementioned E112 and E930 standards to then measure each area. The
procedure also requires the use of the aforementiB66@ standard to estimate the
area fraction of &h grain size. As such the same time and reliability concerns exist

as with these standards.

The E1382 standar{B0] describes methods to measure grain size using-semi
automatic analysis procedur@$e standard describes the use of a digitising tablet to
efficiently implement the linear intercept procedures defimethe E112 standard.
Additionally, it also provides a procedure to take grain area measurements by tracing
the boundary of each grain to be measufdithough a this can extract detailed data

the E1382 standabes not recommend using this methothog practical situations

due to its slow and tedious nature, particularly when it must be repeated for a large

number ofgrainsto obtain statistically significant results.

4.1.1.4Summary of manual methods
The manual techniques described here can be used to meastde range of
microstructural features. Of the key features identifiecCihapter 3 only platelet

orientation cannot be measured by these existing standards. However, these methods
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suffer from high measurement time and poor repeatability. It showldhalsonsidered

that the E112 and E562 standards have no overlap between them. This means that if
grain size and volume fraction were to be measured, then the total time would be the
cumulative time of performing both independent measurement procedures. A
summary of the manual procedure for each microstructural feature in this study is

provided inTable4.1 along with an estimate of measurement time.

Table 4.1: Manual measurement procedures for each microstructural feature

Microstructural Standard Type Measurement Time
Property for  Experienced
User
(approx.)
Grain Size (mean) E112 Standard grid mark alpha| 8 minutes
grain boundaries.
Grain Size (distribution) E112 Manual line segments withil 15 minutes per 30(
alpha grain terminating ol measurements
grain boundary.
Volume fraction of alphg E562 Standard gridrepeated forl 15 minutes
phase multiple views.
Volume fraction of globulail E562/E112 If aspect ratio is clear us| 15 minutes
alpha E562 and standard grid g
multiple views. If accurate
measurerant of aspect ratig
is needed use E112.
Alpha platelet width E112 Manual line  segment{ 15 minutes per 30(
parallel to platelet orientatiol measurements
and terminating on platele
boundary.
Alpha platelet orientation | NA No standardised manug NA
procedure exists.
Colony size E112 Manual or standardised line| 15 minutes per 30(
Mark/terminate line where § measurements
the perimeter of the colony.
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4.1.2 Existing Automated Methods

In recent yearddigital image processing techniquesve beerproposed to improve

the microstructural analysis of metal alloys. A key benefit of digital image processing
is that it allowsfor automated measuremenighich inherently makes the task less
labour intensive r@d removes opportunities for human error. The following section
describes automated methods draapplied either to the T6AI-4V alloy itself or to

a metal alloy witha similar complex microstructure. This review is not constrained to
fully automated pcedures and will also described a range of methods that combine
Image processing tools with input from expesterials scientistto perform analysis.
This review is, however, constrained to only studying microstructures-@AF4V

alloys or similawhere it is clear in the literature how this could be applied to the data
in this study The remainder of the section is divided istdysectiors depending on

the microstructural property being measured. Properties for which no automated
solution is propasd have no uniqusubsection in this review and are insteawly

discussed in the summaryfaidingsin Sectiord.1.2.5

4.1.2.1Volume Fraction of AlphaPhase

A simpleg but relatively successfuhpplication of image processing in microstructural
analysis is the use of thresholding techniques to measure the volume fraction of a phase
of material in a twephase microstructure. This techniggeused by a number of
different authorg11], [12], [34]i [36] to specifically measure the volume fraction of
alpha phase in the -BAI-4V alloy. Thresholding techniques allow pixels in the image

to be categoriseith phasedased on the intensity valoéeach pixel. As discussed in
Chapter 3one phase of material is oftemuch darkein microscopic images than the
other, meaning thietensity value is informate of to which phase each pixel belongs

The accuracy of phase separation dependshage contrast anthe selection of an
appropriate threshold. For the best accuracy the threshold should be set to a value that
existsin betweenthe ranges of intensity values exhibited by each phase. When the
contrast is higha large number of threshold values is likely to yield the same outcome.
For low contrast imagesa more precise threshold value is necsgssBifferent
solutions tathis problemarepresented in existing literature. Tileyal.[12] initially
suggest semiautomatedhresholding procedurnehere an expernatrials scientist

would manually select an appropriate threstiotdeach imagdased on a histogram
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of pixel intensity values. However, the authors note that variations in intensity within
the alpha phase can cause additional peaks to appear in thednistagchcanmake

the threshold select difficult. To solve thfgoblem, they propose usingaussian
filtering to remove these additional peaks and produce a much smoaitegram

As a result, théistogramis easy to interpreso a suitable threshotdn badentified.

This filtering also improvephase separation in the imaggethe standard deviation in

pixel intensity within in phase is reducefliternatively, Zhanget al. [37] propose
usingautomaed threshold selection methods Speci f i c al [B8fisusddt s uods
which separates pixels into two st&s sucthattheinter-class variance is maximised

and theintra-class variance is minimised. Each of the methods described are used on
Ti-6Al-4V microstructures. However, these approaches generally assume the selection
of a global threshold, where evapixel in the image is classified by comparison with

a single threshold value. However, challenges associated with microscopic imaging
technologies, such as differences in lighting conditions throughout the ,image
damage to the surface of a sample, dmaluse aneaninglesslifference in brightness
between regions of the same images. In suoksdhe intensity levels presentaach

phase of material wadd differ depending orthe location in the image. As a result,

single threshold value may not acataly separate the alpha and beta phagg
Several author36], [37] demonstrate that a solution to this can be provided by using
adaptive thresholding technigues. These techniques operate by dividing the image into
regions and computing a different threshold for each region independently from other
areas of the imag@s aresult,phases are separated well in all images of the image
despite differences in brightnedsigure 4.4 demonstrates the difference between
global and adaptive thresholding for titanium micrographaofWidmanstatten
microstructureWhen a global threshold is used, showifrigure4.4 b), detail is lost

in the darkest area of the image. When an adaptive threshold is used far more detail is
seen in this area, as showrFigure4.4 c).
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Figure 4.4: Comparison of global and adaptive Otsu thresholding where a
original image, b) dobal threshold and c)adaptive threshold[37] and the red

circle indicates a significantly different area

4.1.2.2Platelet Measurements

The only automated methsdhat have been identifiefbr measuring the width of
alpha platelets in titanium microstructures are propbgedollins[11] and Tiley[12].

Both authors present fundamentally the same technique, however, Tiley describes its
application to measurdully lamellar microstructures andCollins describes an
extendedrersion that can be used oarbodal micrstructuresThese authors propose

a range of automated and sesmtomated procedures for microstructural analysis that
are implemented in the commercial Adobe Photoshop extension Foveehiitware
discussed throughout this chapt&o measure plateletidth, a predefined grid of
straight, parallel lines is multiplied elememise by a binary microstructural image,
produced by thresholding, where the al phc:
a set of line segments that éixclusivelywithin thealpha phase. The lengti these

line segmentgprovides ameasureof the dimaasions of platelets. Howeveno
orientation information is available to choose a suitable direction for the grid,
therefore, measurements of the length of each individual liegngent do not
necessarily correspond to the width of a platelet. Instead this operation is repeated with
the grid of lines rotated through 180° at 10° increments and statistical theories are
applied to extrapolatthe true width of platelets based on tlemd@iths of all the line
segments produced. In lamellar structurestdgbniquecan be applied directly to the
binaryversion of themicrostructureproduced using the techniques in Sectidn2.1

In bi-modal microstructures it is necessary to first separate the equiaxed and lamellar

alpha patrticles. In the proposed methiddg, [12], significant manual input is required
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for this task as no automated method to separate globular and lamellar grain shapes is

provided

When estimating platelet widthased on the length of line segments, the authors note
tha none of these measurements necessarily reflectriiee3D thickness of the
platelet. In manual standards this problem is overcome by measuring the width of
platelets using microstructural imagespturedrom different orientations of sample.
Collins and Tiley propose an alternative solution based on a mathematical proof
provided by Gundersoi39] in his research analysing stereological images of
menbranes. In thawvork a membrane @efined as a-8imensional object thas finite

in one dimension and effectively infinite in the other two. For such a structige it
determined that a probability distribution of the length of random line segments that
intersected th membrane would be complex aasymptotic However, the inverse of

the linear intersect lengths would produce a simple triangular distribution where the
maximum value was the inverse of the narrowest width of the object, considered by
the authors as theeue width of the membrane. Tiley and CollifiEl], [12] propose

that the distribution of lines inteecting an alpha platelet should follow a similar
pattern as it is very thin in one dimension and far larger in the other two. Due to the
triangular distribution the mean inverse of linear intersect lengths is 2/3 of the
maximum value, this means that ttnee width can be measured by the formula in
Equation(4.1).

01 FWEHQE i
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(4.1)
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The benefit of this approach is that it would allow the true 3D thickness to be calculated
even if it was not visible in any of the images themselves. Howewen measuring

a structure of multiplglatelets of differenthicknessthe mean width may be more
informative The proposed method would only approximate the mean width when
platelets in the microstructure are of consistent widtdditionally, the accuracy of

this method depends on the underlying assumptionathdatelet can be treated as
finite in 1 dimension and infinite in the, which is not always the case in titanium
microstructures with shorter platelets. Specifically, Collins estimates this technique

would become inaccurate when the aspect ratio betwersmallest and second
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smallest dimensions was less than J@4l. The reason for this is that for laths with
longer aspect ratios the majority of linear segments will be of length approximately
equal to the width ahe lath while in thickeplateletsa significant numbesf segnents

will instead be approximate @Hengthof the platelet

4.1.2.3Equiaxed Alpha Grain Measurement

The measurement of equiaxed alpha grains is a particularly challeridengy
proposed proceduresquirethis information buare unable tautomate thisaskand
instead ely on manual interventior€Collins[11] proposedo measure equiaxed alpha
grairs in titanium alloysusing the same procedure used for platelet widtgrid of
parallel lines ignultiplied by a binary microstructural imagevith the gridsrotated
through 180° athe same 10° incremenfBhe mean length of these gives the mean
diamete of grains, which is reported as the grain size. This method is effectively an
automation of methods the linear intercept procedure used in ASTM [29].2
However, the measurement of alpha grains is not fully automated as it rabaires
grain boundaries are already identifiedtiie microstructural imageAs the authors
found no method capable of this taklke image mudbe manually prgprocessed with
expertmaterials scientist required tarace complete boundaries between adjacent
alpha grainsAs described in industrial standaf@8] tracingthese boundariesan be
slow and tedious compared to other manual procegagesresult this is notsgalable

solution.

While the literature did not present good solutions to this problem a commercial
software package called MIPAR showed some promising results. The development of

this software is described in academic literatweSoseet al.[36]. This software has

a builtin algorithm builder allowing different algorithms to be designed within its
interface, either by the end user oy the original software developerg/hile the
effectiveness of this programming environment is not of interest to the work in this
thesis, the software has severatgesigned algorithms, freely available online, which

are designed for materials science pggs. Of most interest among theseals
algorithm called fiGrain Segmentationo t h:
of globular grains in metals. While it is not advertised fe6AI-4V it is described as

being intended for general metal segmeaitgatmaking it of interest to consider in this
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review. Grains are measured by first performing a complete segmentation of the
microstructure. To do this an adaptive thresholding technique is applied to locate dark
or light lines in be image, as chosen the user, with the assumption mabdat these

lines represent grain boundaries. The Watershed Transform, describiespiter 3is

then used to segment alpha grains based on these detected boundaries by using the
distance transform of thgostthreshold mage ashe input. Validation of thisnethod

is not provided buexperimentonducted for this studshow that this works well for
somesimplemicrostructureshoweverjs highly inaccurate for more complex images,
such as those in thei-BAI-4V dataset[6]. This illustrated by an experimental
comparisonn Chapter 8. The accuracy of this method depends upon a large percentage
of the total grain boundaries being detected by the adaptive thresholding method,
however for many microstructures the gramundaries do not present as a distinct
light or dark Ine. Instead it is common for grain boundaries to be indicatieer

propertieswhich this method would not detect.

Another segmentation based analysis technique for titanium alloys is proposed by Zhe
et al.[35]. This method disregards any intensity information and attempts to separate
grains by studyng theshape of alpha phase regiaiter thresholdingThe location of
concave regions in the alphhgse are identified armdarked. These marked locations

are then paired with adjacent marked locationsr@wigrain boundariesredrawn

which connect these point§his method is specifically designed for separating
touching Bmellar and globular grains, although it is shown to also separate individual
platelets in some situationBhe results presentekdoweversuggestouching globular

grains are nowell segmented by this technique. Furthermore, the boundaries of
individualgrains and platelets in the images presented are clearer and easier to identify
than in most of the miostructures studieith this thesis so there is more information

for Z h etéclsnique to exploit.

Image segmentation techniques are also employed taumreegamma precipitates in
nickelbased superalloy40], [41]. In this microstructure the precipitates appeaa
different intensity as is the @se with the alpha phase titanium alloys. Region
growing tehniques are proped to segment each precipitéte growing a region
representing each precipitate from a seed point within it. In the simplesttivase

adjacent pixel with the closest intensity to the region is added to that region provided
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that the inénsity of that pixel is close to the mean intensity of that region. A stopping
parameterindicating the maximum intensity change of pixel to be added to the region
must be defined to stop region growth. However, using intensity information alone in
noisyimages can be problematic so the authors introduce additional rules to control
region growing more accurately and provide a more accuegenentation. A
weightingfunction is defined which weights pixels based on the density of pixels

the surroundin@rea that are already labelled as part of the regibe region is only
allowed to grow to pixels that already has a significant number of pixels belonging to
that region in its neighbouring area. This discouragesspberical growth and
prevents protruens from theprecipitate as the regiamould only grow into long thin
shapes if the intensity was very similar. This is a feature that would be particularly
useful in bimodal type microstructures’here an unclear boundary between adjacent
globular and lengated grains could cause errgkgditionally, the authors propose an
auomated method for computingséopping parametgcontrolling when the growth

of each region should entlhis is done byepeatedly applying the same method while
incrementally inceasing the stopping parametEor each case a penalty function is
defined as the difference in mean intensity between pixels within a region and pixels
just outside its boundary. The stopping parameter that masthisgenalty function
provides the optimum segmentation result. Although good results are achieved in this
work, a crucial difference exists between the microstructures used and those studied
in this thesis This is thatmost of the pregitatesconsidered i{40], [41] are not
touching as grains in the microstructures in this study oftedih®ugh the shape of
objects is considered during region growing this is used only to prevent protrusions
and not to identify boundaries betweenaadint grains. The proposed method is
therefore best suiting for identifying isolated grains from the background, which,
although challenging for precipitates in nickel alloys, is already achievable for images
in the dataset used in this thedike failule to deal correctly with touching grains is
particulaty important for Ti6Al-4V microstructures and is also a common issue in

the image segmentation techniques describdd?ii

While the authorscited in this reviewecognise the need for a reliable segmentation
technique for isolating individual alpha grains in6Al-4V alloys, no method was

foundin the literaturehat fully achieved thisvith accepable accuracy
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4.1.2.4Colony Measurements

A fully automated method for measuring colonies was not found in this review. In the
methods proposed by Tilejl2], image processing tools are used to aid colony
measurement but significant manual input is still required. Random grids of lines are
drawn on the image with the length of line that intercepts the colonies used to give an
estimate of its size. Unlike theivork measuring lath width, where thresholding was
used to find each intercept automatically, these intercepts had to be marked manually
when measuring colonie$his is because a colony boundary has the same intensity
and general appearance as araary etween the laths withithe samecolony, as
illustrated in Figure 4.5. The authors note that several microstructural images of
different surfaces of the sabe must be studied when using this technique and that no

information relating to the shape of these colonies are obtained.

HV mag = sbol mode | det WD preésure 100 pm
20.00 kV. 344 x 4.5 Z Cont BSED 10.0 mm 2.12e-5 mbar Quanta 250FEG

Figure 45 Example of colony and grain boundaries in a lamellar

microstructure taken with a SEM

4.1.2.50ther notable techniques

While the approach taken in this thesis is to automate the measurement of individual
features, it is it should still be noted thiaitage processing has also been applied to
classify microstructures more generaleCostet al. [42] propose a method to

classify microstructures into predefined classes. This is achievedrbgteng features
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from each class using the popular SI&Gorithm [43] and using this to build a
fingerprint for each image. Fingerprints from images of each class are then used to
train a machine learning model known as a support vector machine to automatically
recogni® microstructure class based on this fingerprint. This work was relatively
successful (83% accurate), however, the classes of microstructure are very different
and no information regarding the spatial correlation of features is included in the
fingerprint. This means tht while some classification omicrostructuraldata is
achieved in an automated way, this methwatl not obtain thekind of detailed

measurements this thesis seeks to automate.

4.1.2.6Summary of microstructural analysis using image processing

This literature review shows that microstructural analysis can be enhanced through the
use of image procesg techniques. Hwever, several limitatios exist with current
methodsand, as a result, not all microstructures and features can be measured reliably
Phase separation @urrentlythe most successfully automated measuremeitth
several authors reporting that this can be achieved through threshdjngl2],
[34]1[36]. This allows good measurementslodvolume fraction of alpha phase to be
computed very efficiently. Therkas also beesome success in the automation of
platelet width measuremerifisl], [12]. A method, which is fully automated in the case

of lamellar microstructurgld 2], is proposed that measures the lengths of platelets at a
range of orientations and uses ttuiextrapolate the thickness. However, this method

is only reliable for laths of high aspect ratiasd consistent thickness. This also
measures lath thickness through an estimate of the thinnest point in the lath rather than
the mean thicknessvhich ispreferred This method istherefore only reliabke when

all laths in the image are of a consistent thickness, hence, a more robust technique
would be of benefit. Specificallyt is possiblehatmore relable measurements could

be performedoy linear segnents if they aralirected across the narrowest visible
dimension of the lath rather than a random orientatiois,alseady possible imanual
standardg29]. However,automatically placingsguch segments requiresientation
measurementshichare among the least well researcfeditanium microstructures.

Both measurements of the orientation of platelets and the size of colonies currently
have no proposed methods to automate their analysisGAlI74V microstructures.

While this is understandable for orientation measurements that given orientation of
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platdets is not known to be as critical to material properties as other factors, it is still

valuable and can be used to inform measurements of other properties, such as colonies.

Other features that remain challenging to measure are the alpha grain sibe and t
volume fraction of globular alpha. For the complex titanium microstructures
investigated in this study no suitable procedures for identifying ing@vidlobular
alpha particleswere identified in the literatureSeveral authors, who proposed
automatedechniques for other features, identify this as a problem but state that manual
input was still required for measurements of alpha grain size or globular volume
fraction [11], [34]. A segmentation algorithm made publicly through the MIPAR
software environment offers tmeostrecent attempt at segmenting globular grains
microstructural datd36]. However, the microstructures this is appliediriothe
demonstration materiadhave far clearer boundas than is expected in those of
titanium alloys thereforethis gproach is not effective for traatasein this study

This isdemonstrated in Chapter 8.

42) I ACA 00T AAOOET ¢
In this section a review of recent digital image processing literature is conducted. The
aim is to identify techniges that may be useful for measuring the features of

microstructural images but have not yet been tested in this field.
The main questions addressed in this section are,

1. What type of image processing techniques are potentially useful for
microstructural analysis?
2. Are there anyimitations with existing image processing techniques that must

be addressed to allothiese techniques to be used to measure microstrugtures

As it is impractical to review all image analysis literature, the reviegins by
summarisingifferent fundamental approaches to image identifyingthosewhich
mostmerit further investigatiorA review of these techniquésthen conductedith

a focus on recent and important contributions and applications to similagtdafidss

first requires a definition of what constitutes a similar dataset. This is relatively
challenging as similar datasets do not always come from similar applications. As the

techniques described in this thesis are aimed at the microstructuralsaoftifanium
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alloys, it may be expected that any techniques targeting microscopy images of different
materials would sharte most similar properties. Howevéris is often not the case

and similamaterialscan present very differenmticrostructuratiata. Instead a decision

on the similarity of datasets used in other rese@rofade subjectively by comparing

the types of images discussed to the images-6/ATH#4V microstructures used in this
thesis. The titanium dataset used is relatively varied and includes images with both
clusters of globular and elongatgdains Images ofglobular microstructures are
characterised by often noisy images of touching roughly equiaxed olijeatges of
lamellar microstructures are characterised by elongated structures of various
dimensions that are often extremely tirsimilar dataset is ¢idered as any dataset
which exhibits either otheseset ofproperties Fortunately, just as the microstructural
analysis of other materials can present quite different datasets, completely unrelated
applications can presequite similarones Technique published for analysing these
images therefore provide useful information for the design of microstructural analysis
methods in this workGood examples of this are cell nuclei in medical imd4é

which resemble globular grains, and systems of figtel which resemblelatelets

4.2.1Different approaches to digital image analysis

There exist many different techniques for measuring the properties of image data. In
some cases, meaningful measurement of the image as a whole can be achieved by
statistical analysis gfixel valueg46], while in others it is necessaryittentify and

measure specific image featufdg]. This thesis iconcered with the measurement

of morphological features, which makes the latter methods of primggrtance In
generalappr oaches to measure individual feat
those that attempt tardctly measure objects in an image, and those that first segment

the image into features of interest priopgrformingmeasurement.

Direct measurements of image featur@sthout a prior segmentationare often
achieved using techniques that probe each point in an image withdafpred sub
image. Examples déchniqueghatareappied to measure image features in this way
in similar applications are mathematical morphol§48], granulometry49], the hit
or-miss transforni26], and certairfiltering methodg50]. Each of these techniques
can be applied directly to an image and produce a numerical ougaguringsome
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property of objects in the image, although some of the techniques mentioned can also
segment the image based on this informatiBracedures already proposéar
microstructural analysisy Tiley[12] and Colling[11] are conceptually similao the

direct measurement techniques discussed hsreneasurements are produced by
comparing the microstruatal image with a set of pigefined images containing grids

of lines. Direct measurementgtenprovideresultson aperpixel or per sampl&asis

so only statistical dataescribing the image as a whake available rather than
measurements pertaining each individual feature.pgcific measurementsf each
feature normally requirthat the image is segmented into relevant regions of interest
Image segmentation produces a partitioned image where each pixel igdabel
according to which region it belongs, allowing each object to be uniquely measured.
A range of techniques exist for this task including, the Watershed Trang2@im
Active Contour Models[51], clustering[52], deep learning53] and semantic

segmatation[54] .

The remainder of this section is split into 2 further sections; one discussing methods
to directly extract measurements from the image, and the other discussing techniques
based on image segmentation. A list of all the publicatiiacussed in this review,

the family of technique to which they belong and the field in which they were deployed
is provided inTable 4.2.
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Table 4.2: List and description of image processing publications included

Refence

Approach

Technique Family

Application Field

49

57

58

60

5

56

63

59

45

65

Direct measurement

Mathematical morphology

General

Materials science

Remote sensing

Bespoke transforms

Medical imaging

27

72,75,76

77

78

98

5

73

74

97,98

100

101,102

44

103

80, 81, 82

51

103

105

106

88

93, 94

95

89

90

91

92 (review of 300 articles)

83

84

87

85

Segmentation

Watershed

General

Coffee beans

Remote sensing

Nuclear materials

Medicalimaging

Active Contour

General

Medical imaging

Machine learning

General

Materials science

Others

Medical imaging

General

Materials science
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4.2.2 Direct measurementof feature properties
A variety of successful techniquieave beeproposed fodirectlymeasuring the size,
shape and orieation of image featuresithout segmenting and labelling individual

featureseforehand

A simple method for measuring the thickness of objects using the distance transform
is described by Russ for the analysis micopsc imageg55]. A binary image is first
required with objects of interest in white. The transform returns, for each whéte pix

the value of the distance between that pixel and the nearest blackAgitet output

of the distance transform depends on pigeétion as well as image sizexels close

to the boundary would return values not representative of object sadthist be
discounted from measurement® resolve thisonly output values on the ridge lines

of the distance transform, known also as the morphological skeleton, are used. As the
distance transform inherently measures radius and not wiathvalue from the
distance transform must be doubled for all measurements greater than 1. A
measurerant of exactly 1 indicatesline that is asingle pixel thck, in which case the
response of the distance transform is already be equivalent to the width. Russ describes
this method for elongated objects with a higheaspatio and smooth boundaries,

which case the ridgelines of distance transfoemain mostly n thecentre of the
object. For objects that are not perfectly straight, or have lower aspect atjosater
proportion of the ridgelines armot at the objecfxentresand thereforemeasurements
would not correspond to widtMore advanced technigsiarenecessary for titanium

microstructures as grains often do not have a smooth.shape

Adhikari et al. [56] also use the skeleton when taking width measurements, in this case

for measuring cracks in concrete for bridge inspection. However, in this case
measurement, doot come from the distance transform but by dividing the length of

the skeleton by the total area of the crack, determined by thresholding. This means
that the positioning of the skeleton is less important, but the number of additional
branchesno repreenting the length of a featurare more important. The effect this

has on measur ement accuracy 1is explored
skeleton into separate branches to facilitate individual measurements ofaacHf
applicable to titarum microstructures this would allow better statistical information

about platelets. However, this can only be applied if the measurement methodology is
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accurate and there is not an erroneously large number of branches in the skédeton.
again demonsaited in Section8.3.3.2 that this method is not accurate for the

microstructural images in this study.
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a) b)
Figure 4.6: Examples of SE measurement where a) shows disk shape SE for radinsasurement
and b) linear SE for measuring orientation. In both cases black shapes are the original objec
yell ow are SE that fidt comfortably thus

extrema that fits so describes feature properties wellral red are SE that do not fit

An alternative method to measure object size is granulon®iy [57]. This is a
technique first proposedoy Serra[58], based on mathematical morpholodjyat is

used to extract size information by probingraage withSEs of iteratively increasing
sizeand recording the respon¥&henthe images opened by a Sthat issmallerthan
anobject in an imagehat objecwill still appear in the outpuWhen the SE is larger

than the object in the image thalbject will no longer appear in the output. If is
therefore known thatfor each pixel belong® anobjectof approximately the same

size as that SEhat removed itprovided the image objects and SEs are of similar
shapeThis concept is illustrated iRigure4.6. During a granulometryhe remaining

area after each opening is recorded and a size distribution can be calculated as the first
derivative ofthis data.This method has been deployed recently by Stageked. [59]

to measure dust devil tracks on the surface of mars. These tracks are caused by weathe
patterns on the planet are measured from grayscale images where the tracks present as
thin elongated objects that often overlap and are not straight. In this way these have
some similarity to the alphalateletsin the current studydespite thelifference in the
underlying applicationA granulometry is performed using disk shaped structuring

el ement s, whi ch ensures t hat t he Nsi zec
corresponds to the shortest dimension of the object at eachigxile wdth of the

object. In addition to obtaining a statistical description of object witlth technique

is then used by Statelé al.to filter out objects of a separate size to stselyarately

Spikes in the size distribution indie& significant numer of grains of a particular

size which are likely the best sizes to filtddorphological openings and closings can
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then be used on the original image data to remove object not matching this size. This
canprovidesome segmentation of the image bnly by separating grains of different
sizes In titanium microstructuregrains of similar size often overlgmd often even
clustering into large groups that can appear circular but in fact congistilbple

grains. Thigechniquewas found experimentallo not isolate each individual grain
which negatively effects filtering attempts and the accuracy of size measureR@nts.
measuring the width of platelets, however, this approach appears very useful and is
explored more irsection 8.3.3.2The use of aisk-shapedstructuring element means

that measurements of other features, such as orientation is not possible usingsStatella

implementation.

For measuring the orientationabjects a number of methods exist tltan be directly
applied to the dataA common approach is to find the gradient magnitude in two
perpendicular directions and use this information to compute the orientation. Edge
detection filters, such as Sobel and Prewitt, can be used to compute gradient orientation
in this way[2]. However, this is tyially computed over a small window. As a result,
only local information from neighbouring pixels is used and orientation measurements
become meaningless towards the centre of wider obRutsstet al. [60] proposed
methods to compute gradient orientation using mathematical morphology. Based on
techniques initially proposed by Beucli&f to compute thergdient magnitude of the

i mage using mat hemati cal mor phol owicg , Ri V¢
using perpendicularly orientated linesies. As theseSEs can be set to any sjzarger

areas could be studied than witlie aforementione@dge detction filters This
increaseshe accuracy of orientatianeasurements further from object boundaries
would appear possible that such methods would be applicable to elongated platelets in
titanium microstructures. The only concern is whether or mosdimpling the gradient

in just two directions is sufficient, particularly when platelets are very thin. Altendorf
[45] et al.use a similar concept to measure the orientation ofsfjbeatively similar

in appearance to alpha platelets from our dataset. A key difference here is thiat SEs

a greater number of different orientatiosw® usedwhich theoretically makes this
method more robusfnother difference is that, rather tharetiseimage gradient, the
directional distance transform is used to measure the distance between pixels in an

object and the object boundary in multiple directions from which information about
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the orientation and radius are calculatBoeprimary focusoAl t endor f 6 s wor
3D imagesalthough, it is included in this review #se potentialapplication to 2D is

also discussed. The ability to measure orientation and radius simultaneously is
valuable for lamellar and {modal microstructuresthis approah appear$o have
potential us€or the analysis of thin elongated structures as measurements of both
orientation and width can be achieved. However, potentially useful information
regarding the shape of features is not explored, presumably as it is not relevant to the
target applicatin. The fibre images also have a consistently high aspect ratio, with
these fibres showing very little deformation, which is expected to make this application
less challenges than platelets in-6Rl-4V microstructures.The aforementioned
methods do not pxade a description of how the orientation information gained to

group similarly organised objects together.

When measuring the orientation of thin structures such as alpha platebdteraative

to calculatingthe orientationbased on a few perpendiculaeasurements to use a
widerrange of orientated operators to measure the gradidiftenentdirections and

select the orientation of the smallest gradient as the object orientdBasurements

by this approach aieherentlyquantised by the disete number of orientations tested.

An example of this is steerable filtdfl], which are filters designed so that they can

be orienated in different directions.® ener gy function, <call ed
is defined based on the output of these filters. The angle which maximises this energy
function at each pixelis the orientation of image gradient. Soib¢ al. [48] use
mathematical morphology to compuiteal gradient in a similar way using arbitrarily
oriented linearSEs. A practical example of the use of this method to detect road
orientation in satellite images has previously been pres¢d®dThis shows this
method can effectively identify the orientation of elongated structtinesigh in a

quite different application

Very recently, Boroccet al.[63] proposed similar techniqués anapplication more

similar to that of this thesisjeasurement ahe organisation of graphene plans. Linear

SEs, of a fixed length, at a pdefined range of orientations are used with the
orientation of SE that best fits within an object in the image selected as the orientation
measurement for those pixels. key feature of Boroccods

orientaton measurements to a binary orientation space. This orientation space was first
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proposed by Chen and Hf#4] and adds an orientation support to the traditional x
and y axis of anmage so that objects exist different plane depending on their
orientation. For graphene plkemnthis allove similarly orientated lans to be grouped
toget her i n t approachhasa seversl denefifa ltiugal one being an
inherent resilience to noise. In many casesse in an image wiltausehe orientation
measuredat certain pixelso be effectively random. In a regul2D spacehesenoise
corrupted measurements exist adjacent to true measuseemaking the correct
measurement more difficult to identignd parallel objects more difficult to group
together In the orientation spacthis noise spreadbut across sevar planes, while

true orientation values would cluster together in the same or adjacent planes. This
makes truaneasurementsasier to identify and reduces the influence of noise when
grouping elongated objects. The clustering of parallel, similarly |dcalgects in a

3D space islsouseful for grouping objectmoregenerdly, regardless of noise level

If orientation measurements were studied in a 2D spackclusters existed at various
orientationsthen a histogram of orientations would be fairlt fimaking it difficult

to identify a colony[6]. Sudying orientation and space in 3D makes this far easier.
This offerswhat is believed to béhe best approacthat could be applicable to
identifying colonies of alpha pialets. The graphene plastsare some of the properties

of titanium microstructureas they contain noise and very thin objects. However, the
width of obje¢t s i s consi st e asthisis anknoBmphysical property d at a
of graphene plans, whicls not the casdor plateletsin titanium microstructures.
Additionally, the accuracy of measurements udimgmethodin [63] requires the
selection of a suitable parametiielength ofSEtouse | n Bor eaectogps wor
a suitable length of Si& a moderately trivial tasks a wide range of SE lengtliould

fit the objects at only one orientation. Howevfer,themore variable size of object in

the titanium datasehis is not the case. This technique woinlevitably cause errors
whenthe aspect ratio of image objectaried,and the optimal SE length would be
challenging to selecNovel solutions to these prashs would therefore be necessary

to successfullyapply similar methods tthe dataset studied in this thesldis is

discussed more in Chapter 6 and demonstrat€thapter 8

Robbet al.[65] also usehe orientation space to measure the orientation of objects in

images. Instead of using mathematical morphology the orientation spaaesteasl
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built using orientatedaussian filtering techniqug$6]. The anisotropidGaussian

filters canbe applied directly to greyscale imagesl are less affected by nai&ather

than the binary approach taken by Borocco, each entry in the orientation space is based
on the response of the filter &tat location and orientation. However, this extra data

is still insufficient toextract size and shape informatiéiurthermore, the size of the

filter must be chosebasedon the object radius, so the same problems with aspect

ratio andvaryingsizesexis as i n Boroccods wor k.

4.2.3 Segmentation

Automated imaganalysis requires techniques that can identify each region of interest
in the imagelmage segmentation is the process of partitioning an imagenuitgple
regions at least onef which is normally ofnterestto measurehy labelling each pixel

in the image according to the image feature it belongsnage segmentation can be
used to subdivide the image the image differently depending aiypbeof features

that are required to be measurdebr exanple in Ti-6Al-4V microstructures,
measuing the volume fraction of alpha phasuires segmentation of the imag

two regions, one representing each phase. If grain size measurements are required, it
is instead necessary to segment the image intaay regions as there are grains, plus
the backgroundbetaphase).In one case the image is segmented into objects of a
different class and the other the image is segmented into instances of that class.
Performing ach of these types of segmentation faredamentally different task and
requiresdifferent algorithms and techniques. In this review the primary focus is on
the segmentation of different instances of edels,i.e. the individual grains and
platelets Existing literature alreadgresents variety oimethods to segmedifferent
phasesdefectsor similar constituents of material in complex microstructUyfay,

[68] and in the case of ®AI-4V microstructures son@mple methods have already
been useduccessfully{11], [12], [34] In contrastthe segmentation of individual
grains is less well research and watkisting segmentation attempuiften depending

on completeseparationbetween each graifi69]. Automated reliable, accurate
segmentation of touching grains hast been achieved for titanium microstructures.
This is ofgreat value as @ea segmentation is availabtes relatively easy to produce

a variety of measurements of edahelled object inhat segmentatior-or example,
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the area can be computed as the number of pixels with the corresponding label, while
the number of objects is the number of unique labels in the segmented image. Other
features such as object shape and the length of eachsianeequire slightly more
complex calculations but these can also be computed using well established
standardised methofl&0]. For the features of interest in in@Al-4V microstructures

using a segmentation approach means that the precise act of taking measurements is
trivial and that all the difficulty lies in producing an accuratgial segmentation.

Image segmentatias widely regarded as one of the most challenging tasks in image
analysig2], [24]. The key issue is that the properties that indicate a feature of interest
are different depending on the application and sometimes even the specific dataset.
For this reason, genersegmentation approaches tend to notkweell for complex
dataset@ndimage processing algorithntgilored to accurately segment challenging
datasetwill not necessarily work well foothers. Therefore, to segment complex
imagessuch as the microstructs in this studyit is normally necessary for bespoke
techniqes to be designed to achieaecurate result$24]. This hasled to the
development o& wide variety of differerdegmentation algorithnssed on the same
fundamentatheories.Consider, for exampld;igure 4.7 which shows images from
different sources. In each case there are some features of interest that we can isolate
from the rest of the scene, however, the properties that distinguish them in each case
are quie different. Hence, it would not be realistic to expect a single algorithm to

achieve meaningful results in all of these cases.

a) b) C)

Figure 4.7: Example of differences in segmentatiorchallenges where a) is
natural image from a conventional camera, b) is a microscopic image not fror

the current study and c) is a Ti6Al-4V microstructural image
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Due to the volume of research on image segmentation it is important todiocus
research arsamost likely to be applicable to titanium microstructuréghile
conducting this review it was found that many image segmentation mgtesesnted

in the fields of medicine and geologye applied to datasetharing similar properties
and far fewer arapplied to the analysis of the microstructughis view is supported

by a very recent reviewy Dimiduk et al. [71] that found recentsignal and image
processing technologies were applied more regularly to fields such as medicine but
less frequently to materials scientiethe current review, medicathages otcellsare
found togive some ofthe most similar imaget® the microstructural datasas cells

are oftenelliptical and clustered such thatultiple cells can touch at @mmon
boundary This means thathe images present similar segmentation challenges as
microstructural dataSeveral segmentation techniques are proposedeiartaof
medical image processinthat can identify subtle boundaries between touching
objects. This is a key challenge in prodigeglobulargrain measurements which, as
described in Sectiort.l, remains unsolved irthe materials sciencditerature.
Geological images of rockdsopresensimilar challengefor segmentatiorhowever,

the images often have a visibBdimensionalproperty while in many casethe
images otitaniummicrostructurestudied in this thesigstensibly appear flat, despite

in reality being ®. Othermedical images, such as MRI scans used to identify tumours,
have also been the subject of the succesgifplication ofdigital image segmentation
techniquesHoweverthese are not reviewed heretlas techniqgues employed for such
problems aréundamentallydifferent This is becausthe key challenge is normally
locating the precise boundary location for a single object in the presémase,

rather than locating obscure boundaries betveelange number aflusteredobjects.

4.2.3.1Watershed Trangorm

An extremely popular method for segmenting images is the Watershed Transform,
defined by Beucher and Lantuéjoul in their seminal Wwam. This transform takes a
topographic function representing an image and returns a set of catchment basins,
representing each olge and watershed lines, representing the boundaries between
them. This is achieved by flooding the topographic function from all local minima and
marking boundaries where these floods meet, and the area contained by these floods

as a catchment basin. Matetail on thisvasprovided inChapter 3This transform is
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extremely well suited to segmenting clusters of touching objects as it considers the
entire topographic functign.e. the complete imagep produce the segmentation
rather than studying eachgien in turn, as is seen in some other approaches. This
means that the properties of both regions help guide the Wat@nsireslormtowards

the location of the boundary between them. The additional information this provides
is extremely useful when thegeence omultiple touchingobjects is apparent but the
boundary between them is unclear. The weakness of this algorithm is that it is prone
to oversegmentationwhere the image is segmented into more regions than exist in
reality. This is becausereating an accurate topographic function, where each local
minimum represents each unique object in the image, is a difficult task. Normally the
gradient function is used, hewer an excess of local minima caxist due to noise
which often causes the oveegnentation problemAs a result, this transform is still

a subject of recent research, withawvation typically coming froormethod aimed at

reducing oveisegmentation

A common approach to reducitige oversegmentation problems encountered in the
Watersled Transfornis to modify the input to the Watershed by a-gedined set of

markers, indicating the location of each ohjdtistrated inFigure4.8.

Figure 4.8: Example of a suitable set of markers

A marker is a set of pixels sharing a common labekkiare, in the ideal case,
completdy contained withineachsingle object in the imagdrirst proposed by
Beucher and Meydi72], the idea is that rather than flooding the topographic function
from all local minima to instead flooéxclusively fromeach markerProvided that a
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single, unique marker is provided for each objeat tineoversegmentation problem

can be eliminated as therenay only exist one single region in the regting
segmentation foeach objecin the original dataThe only potential error that would
remain is the misplacing of the boundary between these objects, wheds ief a
concern than ovesegmentation as accurately placing boundaries between objects is
an inherent strength of the Watershed Transforowéver, this solution hasome
shortcomingsmainly that finding an automated method of computing these markers
is often difficult. Infact it can be argued that markesed segmentation methods
simply take the difficult normally associated with the segmentation of images and
move thidifficulty to the marker computatisgiage Muchof theresearch into image
segnentationdiscussed in this sectiomill therefore cover the computation of these

markers.

Beucher and Meyef5] apply a Watershed Transform using markers to segment
images of coffee bes. These beans are normally elliptic in shape, although some
variation can occur, and are clustered together in a similar way to grains in globular
titanium microstructures. Only small intensity changes can be observed between
grains, though the differeacbetween foreground and background is clearer than in
titanium microstructural images. To create a suitable set of markers, thresholding is
used to create a binary representation of the image and the distance transform is then
applied to the result. Assung objects in the image are approximately globular in
shape, local maxima will exist at the centre of objects. This technique appears to be
useful for slightly overlapping objects, as a concavity in the foreground region would
produce a local minimum dté boundary between the objects, leading to a maximum

in each object. As the watershed transform floods from local minima, the result is
inverted so each object is marked by a local minimum. However, noise or uneven
boundary shapes in the binary image datduse excess local maxima to exist in the
distance transform that do not uniquely correspond to a single object. This would also

not separate clusters of objgathen that cluster appears elliptical after binarization.

Li et al. [73] presents an alternative Watershed Transform based segmentation
algorithm for the segmentation of remote sensing images. Markers are computed by
thresholding thegradient image. The threshold is computed localipgi® novel

algorithm in which the image is filtered, and a threshold is set so as to leave a certain
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percentage of pixels in the binary image. This requires a threshold parameter to be
chosen experimentally. Markers are then modified by two post progestsips. First
markers below a certain size threshold are removed before edge information is then
used to split markers. This was achieved by setting all detected edge locations in the
original i mage to A00 i n the epoastrdngsior i ma g ¢
similar criteria to modify the set of markers is that the markers are only required to fit
within an object. Therefore, correct markers do not necessarily always match a specific
set of properties. For example, smaller markers do not ale@yespond to smaller
objects. This suggests that that putting constraints on the final segmented regions to a
certain shape and size will be more reliable than tryingottstrainmarkers in the

same wayi.e. this type of application domain knowleddwosild be incorporated as a
postprocessing step to the initial segmentation rather than-prpoessing step. The
addition of edge information to the intensity information, however, does appear likely
to help extract the maximum amount of data possibia fmage with which to build
markers. However, the way this is done appears problematic for the work in this thesis.
Splitting markers by edge information only works if a complete boundary can be

located, which is often not the case for images in theitita dataset.

Several techniques for computing markers using mathematical morphology are
proposed. Willinghanj74] recently proposed technigs for segmenting objects in
uranium images using a markesntrolled Watershed Transform. The markers are
produced by thresholding the image and then eroding the image by a SE of a particular
size. However, the use of a fixed sized of SE meant thatahigl only mark objects
where the overlap between adjacent objects is minimal and object size is relatively
consistent. This problem had previously been encountered and resolved, for a different
image data, by Martinegat al. [75] who marked binary images by eroding them by
incrementally larger SEs of similar shape to the objattthe image. Given only a
small amount of overlap between adjacent objects the erosion would eventually
separate the objects leaving a small region at approximately the centre of each object.
However, when the extent of this overlap was larger in cedases, or when object
shape varied, a simple erosion by a single shape and size may not work, as there may
exist no single SE for which the erosion by this SE would split all objects, without also

filtering some out completely. Martinez proposed insteéeitcting false markers by
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using morphological openings at multiple orientations to filter out elongated shapes,
and therefore did not match the globular shape expect in the data. A directional erosion,
perpendicular to the orientation at which the falsegated marker was detected, was
then used to split the regions. However, there are a significant number of potential
complications with this procedure that were not considered. These include determining
the appropriate direction and size to test forefat®undaries and then correctly
selecting the SE to be used for the erosion intended to split markers without removing
them. Specific selection of these parameters would have a large effect on segmentation
accuracy. This technique is also unlikely to wibiiusters of more than two touching
grains exist. Therefore, it is highly unlikely such methods could be applied the dataset
considered in this thesis.

The ultimate opening provides an alternative morphological approach for computing
sets of markers tte used for segmentatidi6]i [78]. Based on the concept of
numerical residues first introduced by Beudi7®, the ultimate opening is performed

by repeated morphological openings by SEs of increasing size. After each opening, the
residue, the difference between the newly eroded and previously erodgd, iis
recorded. Once the entire image is eroded, such that all data in the image is removed,
the maximum residue at each location in the image and size of opening to produce that
residue is computed and stored. Research by @u#dl[76] shows that the ultimate
opening can be used to create markers for the Watershed Transform that can accurately
segment images of fragmented rocks. The markers are produced by taking the matrix
of opening sizes and eroding it by a SE proportional to tlopsaing sizes. The
purpose of this is to make opened areas fit within individual objects and not overlap
the boundaries. The images used are greyscale, and the fragments of rocks are
extremely clustered and vary in size, all of which is similar to mieroral images.
However, while grains in microstructures are ostensibly flat (of consistent intensity),
apart from Gaussian noise variations, there is a visible 3D property to the rock images
with closer rock faces brighter due to reflecting more ligixperimental efforts at
marking grains within F6Al-4V microstructural images using this approach only

provided acceptable results in simple microstructures, as described in Chapter 8.

Marcoteguiet al.[78] discussed the use of the ultimate opening on biomedical images

of cells, which have greater similarity to microstructural images. Results aratease
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which suggest that this technique is very effective when cells are noisy and hard to
distinguish from the surrounding background, however, issues with overlapping cells
are noted. This is potentially problematic when dealing with microstructuralldata.

the same article, Marcotegui extends the ultimate opening to include shape information
through a technique called the Ultimate Attribute Opening (UAO). The UAO considers
a greyscale image as a 3D set of stacked binary images such that if the iofeasity
given pixel is 100 then that pixel is Al
afterwards. An attribute opening is then used to remove the objects from each binary
image based on some attribute. In this case a shape constraint is deftheitémk.

The maximum residue is, therefore, produced by a region that nmeetshape
criterionrather than matches the size of a SE. This allows the UAO to identify more
complex objects such as the facade of buildings and also shows improved cesults f
images of cells. However, doing so required the analysis of 1200 cells to define the
properties of cells accurately enough for a precise shape constraint for the UAO to be
obtained. Microstructural imageoften contain around 500 grains per image,
meaning a large amount of data is potentially needed to train this technique. For the
cell images presented, circularity is used seen as the principal attribute, with the
consistency of cell size allowing identification to be constrained to a range of &5 pixe

in each dimension. Grains in microstructures are less consistent which would make
such a criterion difficult to define and would likely require additional training for

different microstructures.

4.2.3.2Active Contour Models

An alternative segmentation approaglhe use of Active Contour Models, whican

be used to segment objects of various morphologies, from noisy image data, in various
application§80]i [82]. Conceptuallythese models segment regions by defining an
initial boundary at some image location and deforming it until it matches timelaoy

of the target object. Thideformation is contrééd through energy functions and
stopping criteria. A key feature of these techniques is that both intensity and shape
information can be combined in the energy functions. kasd.[51], introduced an
effective method of deforming such a contour called snakes. In a snake the initial
contour is given an energy function catiig of energy from two sources, an external

energy and internal energy. The contour is deformed by considering each of these
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energies as separate forces which will cause the contour to deform until these forces
become balanced. The internal force isa¢ghly based on the curvature of the contour
while the external force is based faatures such ake gadient of the image. The
stoppingfunction should be constructed so that a significantly large gradient at the
boundary of the object will stop the intal force from the contour. The contour would
typically be able to deform slightly in the gaps between known boundary logations
but ideallythe internal force should halt this deformation when it would cause an
unexpected object shap€&he intrinsic berf@ of such method is the flexibility of
different criteria that can be built into the energy functalowing a bespoke method

to be designed for different segmentation challenges. As withWhéershed
Transform issues can occur due to noise and oftiéms important to start the initial
boundary as close to the true boundary as possible. This is similar to the process of
marking objects previously discuss with the exception that 1 marker per object is not
sufficientto guarantee accurate segmenta@ma instead the distance between the
markerand the boundary also mattedsother downside to this approach is that each
contour is deformed independently so information from adjacent objegtnésally

not usegdwhile The Watershed Transform oaxploit this information effectively

4.2.3.3Split-and-Merge

Some authors attempt to segment images using aasplinerge methodolog83]i

[85]. The idea is to ovesegment an image such that features of interest in an image
may besplit into multiple regions,but each region would contain more information
than a single pixel. These regions #ren merged based on gtefined rules to form
larger segments that, if performed correctly, correspond to the featurgsreft In

order for a spiandmerge approach to be successtut set of regions formed by the
initial over-segmentation must tveeen them capture all boundaries required for the
final segmentationrhis is similar to methods based on represerdgmigrageas a set

of Superpixeld86]. Superpixels are regions formed by a segmentation of an image
such that these regions &m@mogeneoysnade of a single connection partitiadhere

to object boundaries and are reguj8r]. The differencefor a splitandmerge
approachis that the regularity is not importanbhowever,the homogeneityand
adherence to object boungxis crucial Any grain boundary that is natregion

boundary cannot possibly be in the set of segmentation boundaries after merging.
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Machairaset al.[87] show thaigood superpixelsan becreated using the Watershed
Transform, so it is likely such segmentation algorithms will form a good starting point
for a splitandmergeapproachThis is confirmed b¥rupkaet al.[85] who uses this
approach in the segmentation of grains of sedimentary rock in SEM images. An over
sgmented result is produced by the Watershed Algorithm with the boundary between
each segmented region evaluated by the average of the gradient magnitude along that
boundary in the directioperpendiculato that of the boundary. However, the extreme
levelof oversegmentation means that multiple different results are possible depending
on from which region the merging process stairteih. This means it is then necessary

to evaluate each possibteerged region to find those that most likely fit the properti

of a grain. This latter idea is very useful, as it allows the integration of expert
knowledge into the system. However, evaluating so many possible merges is
probl ematic. Krupkads i mages contain onl.y
to segmenfrom the rest of the image, would give far fewer regions than the titanium
images in this study. It would, therefore, be valuable to obtain a far more accurate

initial segmentation before user a merging function incorporating expert knowledge.

4.2.3.4Machine learning

The use of machine learning approachas become prominent in a wide variety of
engineering application§g 1] and its popularityand usefulnesmakesit essential to
consider in this reviewwVhile more traditional approaches require a skilled engineer
to develop a handrafted set of rules forgsforming a task machine learning
techniques instead use software algorithms develop the analysis méthedas
historically been achieved through the use of artificial neural networks (abbreviated to
either ANNs or NNs) which attempt mimic the structure of the human brainputs

are passed through a network of nodesnected by branches that perform a function
on the data. The nodes then pass data throtiggrhidden layers of nodes with each
node receiving a value that is a weighteglinfrom the previous layer. Traditionally,
there would be B hidden layers in this system between the input and output.
Annotateddatais used to train the network by comparing the output with the expected
output and adjusting the weightssociated witheach branch in the network
accordingly This is repeated for a large datamkgally until the correct output is

reached for new dataithout further adjustmentin recent years, the use of a subset
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of machine learning technique known as deep learnirggbkaomeparticularly
prominent in image processing challengegluding feature recognition and
segmentatiorj88]. Deep learning has many more hidden layers than previous NNs
and, therefore, can understand the content of dath,a®limages, at a higher level of
abstraction. This makes deep learning particularly useful for semantic segmentation,
where an image is segmented irggions of differentlasses. In the field of materials
sciencethis type of classbasedsegmentation wuld mean separahg phases of

material but not necessar#gparatingndividual grains.

Machine learning approaches are applied to materials science by Albergeeatue
[89] to segment and measure the volume fraction of pearlite and graphite in
microstructural images of cast iroffshis is similar to the phaseparatioriask in the
microstructures in this studyd only measurements of volume fraction are reported.
The datasets are relatively simple with a clear intensity difference distinguishing
pearlite and graphite in most casé&his suggests thaeparatiorof alpha and beta
phase is possible but not necessarily globular grains from platéletsore recent
study by DeCostet al. [90] uses a dataset of more complex ultrahigh carbon steel
microstructures. For these microstructures intensity alone would not distinguish
between thdifferent phases, ansdome understanding of the meaning of textural
differences between regionis necessaryDeep learning techniques ateveloped and
were found to be effective sgparatingementide particles from a speroidized matrix
which again is similar to the phaseparationtask. However, the use of textural
information suggests that this time globugaains and platelets may beparableThe
technique was also shown &flow for measurements ahore propertiessuch as
particle size. However, this was only possible as each particle did not hadieiamg
boundary with other particles in the imagéerebr e , De Co swodldnotme t h o d
appear able tgeparatand measurthe individualgrains and platelets in -BAI-4V
microstructuresWhile theseparatiomf phases of materi al was
dataset, it has already been shown in Sectibthét simpler methods can achieve this

in titanium microstructures and that and Keg challenge lies in the segmentation of
touching grains which DeCost does not addressnother recent method by
Konovalenkoet al. [91] used a machine learning approach to analyse the rupture

surface on images of titanium alloys. The network is trained to classify each pixel as
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either an edge ordimple, the dimple being the feature to be measured. However, as
with other machine learning methods the success of thispendenon the fact that

edges pixels andonedgepixels have sombomogeneougproperty that allow them

to be assigned to a different class. This does not appear to be the case for the majority
of edge pixels in the titanium datasedsen there is a large number of globular grains.

As described in Section 3.2, pixels at the bounth@tyveen alpha grains often have

similar intensity and variance as those within the grains.

Other than the methods cited, however, there is little evidence of machine or deep
learning being using for image analysis in materials sciececent review by
Dimiduk addressesxactly this topid71]. They found thbwhile approaches such as
deep learning have been widely adopted, to great benefit, in other, fredtisrials
science has relativelittle publishedresearch in this aredledical imaging is again
better researched in this regatdtjens et al. [92] preent a review of 30@rticles
applying deep learning in this area, with most being from 2016 onwards. Image
segmentation was the most popular application in the study with over 8Cenfithes
dedicated to this task, with pathologgdmicroscopyimagesbeing the most popular.
These are cases which often produce images that are similar to those found4n the Ti
6Al-4V microstructures so suggests there @pportunitiesto apply such methods
However, with so little research in applying deep learning tenss$ science, and
none to a T6AI-4V microstructural dataset, it would be difficult to reach the standards
set by the years of competitive research on large datasets seen in othdDifialdisk

et al. [71] hypothesiss that this absenceof datais a major reason for the lack of
application of deep learning in materials science. They described the microstructural
data available as being wide in scope and having little depth. This is because
microstructural images have great variation, even whid¢meosame material, yet few
datasets anpublicly available. This is particularly problematic akey challenge that

must be overcome when deploying machine learning approaches is the need to
appropriately train the network to the required dataBkits process can be time
consuming as, to be able to accurately segment images, it requires manual annotation
of a large number of imageSuitable datasets do not yet exist foi6Ril-4V. Existing
research reports different numbers of training insdagng reqired for sufficient

training depending on the applications and network used.exampleRonneberger
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et al.[93] use only 30 images for training a network for segmenting image of cells and
still achieve reasonable resultdeanwhile,Broschet al. [94] use 250 out of 377
available images to train the segmentation network propogéeir work to segment
imagesmultiple sclerosis lesion3 hey also note that training with too small a dataset
risks overfitting the network to a particular datas&s microstructural data is
extremely varied, it is likely that a larger dataset wouldeogiired for robust results
than in other applications.

The number of images required for trainiogn be reducebly refining analready
trained network rather training a completely naive network from scrateting
techniques known as transfer learnj@§]. This was used veryecently by Haberét

al. [53] to reduce the amount of training data required to 1/5 of the amount of data
required when training their network from scratéih.many fields, deep learning
researchrs can usestablished datasets that are published as challenges for researchers
and a high volume of research has bemmducted on the specific typelsmageq53],

[93], [94]. This means there are mangmpetingnetworks which can be used for
transfer learning. This is not the case in materscience and the applicability of

knowledge transferred from networks trained to data in other figdgtis/ uncertain.

Ultimately, the decision was made to not pursue machine learning or deep learning
approaches for the work in thesis. While a cleaowledge gapexists,and great
potential benefit is demonstrated in other fields, the limited research and availability
of data makes applying these techniques to materials science very chalamthg
chances of success uncertaiihe primary goabf this thesis is to contribute a new
microstructural analysis technique, that improves upon current methods. Advancing
deep learning methods in materials science to this level maptdikenore than one
project and more data than is curreatailable In particular, a key goal in this project

was to develop a method that was robust enough to analyse different and varied
datasets and it was not feasible to gather a large set of every possible microstructure
available. Therefore, other, more imediately promising approaches are instead
pursuedthat are less likely to require -teaining when applied to new data
Additionally, machine learning approaches by their nature obscure the analysis process
from the usem a black box proces3his wouldpotentially make it more difficult for

such methods to be adopted in the manufacturing industry as it would not be possible
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to demonstrate tthe source of measurements to clients, meaning they are less likely
to trust these results believe that it igpreferable, where possible, to have a clearly
defined technique for performing analysis as the inner of workings of which can be
peerreviewed and investigated prior to deployment. Therefore, as the aims of this
project could be met with such a conventipobearly defined technique this approach

was instead taken at the expensive of other options such as deep learning. However,
as this new technology advances it is possible that deep learning methods may be able
to achieve a greater level of accuracy erstght even than human operators, therefore,

it is not the suggestion of this thesis that such methods be permanently ignored in this
field. Instead the decision made is that, given the currentaftabe-art in automated
microstructural analysis, thergposed new algorithms were a more pragmatic next
step, with machine learning perhaps revisited once there is a wider range of research

and datasets available for development.

4.2.3.5Smilar work from medical imagng

Among the most similar images found in othppl&cations are those in the field of
medical imagingAs image processing is applied more frequently to this areadhan
microstructural analysjshe following section is dedicated to reviewing this area for
potentially applicable techniquds. particdar images containing clustered cell nuclei
show a strong similarityThese images typically show clear differences between
foreground and background in the image, although foreground data is often corrupted
by noise. The main similarity is that extreme camts of clustering often exists
between adjacent nucléerhis is particularly common in histopathology images, as

shown inFigure4.9.

Clustering betwee adjacent features of interest is known to make segmentation
difficult and this challenge also exists when segmenting the microstructural images in
this study. The nuclei are typically globular in shape so are likely to be most applicable

to measurements grain size.
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Figure 4.9: Histopathology image with similar challenges to microstructural

data such as clustering of objectf96]

Chenget al.[97] present a marking function to enable images of clustered nuclei in
medical images to be segmented using the Watershed Transform. As with previous
work by Beucher antfleyer[5], the markers are produced by thresholding the image
and then applying the distance transform. Ordinarily it is expected that noise will lead
to an excess of local maxima inghransform. Chengt al. proposes a solutioto
resolve this issuby using the fminima transforn2]. This transfornsupresssall

local minima below a given height thresholdhe assumption is thadbdal minima in

the distance transformproduced by minor boundary deformation or npisdikely to

be far shallower than minima at the true centre of objects. If an appropriate threshold
is selectedthe hminimatransformwill supress irrelevant minima caused by naee

that only the most gnificant minima in the distance transforramain. If the
aforementioned assumption is correttte remaining minima are more likely to
correspond to the centre of objeasd notto noise.Achieving accurate results via

this method requires treelection of a suitable threshadfl minima to supressThe
feasibility of computing such a thresholdpgeds on thalifferencein magnitude
between minima representing markers and minima representing arbitrary noise or
deformation.In this case this thehold was computed by running applying the h
minima transform with incrementally increasing thresholds until markers begin to
merge. The largest threshold valiae which markers do not merge used for the

entire image. This appears to perform well oa tell nuclei data it was tested on,
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though the use of a global threshold metesaccuracy of this approach depends on

cells being of a similar size.

Junget al. [98] also proposed a Watershed Transform, with markers based on h
minima, for the segmentation of nuclei in cervicad aoreast cell images. A
segmentation distortion evaluation function is proposed to find an optimatima
threshold. This function fits a set of ellipses to the foreground regions to be segmented
and grades segmentation results basetiam closely segrantation results fit this
model. This function will therefore only give a good assessment of segmentation
accuracy when objects are elliptical, and a significant amount gfaiveboundary is
known prior to segmentatiorlo produce the final resultegnentation is performed
multiple times with markers computed by different thresholdsmfriima transform.
Eachresult is then evaluated using the distortion evaluation funetitim the h
minima value producinghe highest output from this function takas the optimal
threshold.While the reported results are successful, repeated segmentation is time
consumimy. A contour parameterizatiomethodwas also proposetb improve the
accuracy of each detected nuclei boundahe Watershed Transform will normall
create a straight boundary between touching objects. However, in reality the nuclei
typically do not have this boundary, and this only appears so as nuclei in fact overlap
which is difficult to see in a 2D imag&he contour parameterisation uses known
boundaries to fit an ellipse to give a more accurgteesentation of the true boundaries

of the nuclei While touching grains in microstructural images are al@metimes
overlapping in this way the shapeléss consistent, so it not knowrhen grains e
overlapping or merely touching, omfore accurate grain boundaries can be estimated
using this approactDue to the relatively small impact on grain size measurements
this is likely to have, it is also unlikely that this is necessary in order to rtfach
measurements produced by current manual metfidwsefore, this thesis will work

on the assumption than on a 2D image grains should be measured as they appear from
that perspective and not make assumptions about the 3D shape, as outlined in Chapter
1

An alternativeadaptive Aminima suppression technique to automatically selext th
threshold is presented by Yuah al. [99]. Although not for medical images it is

included in this section due to the similarity of the underlying technigumel i ke Jung?®6
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work [98] a different threshold is computed for each local region, ratlaer ftor the
entire image. This is useful in images where large size differences exist between
objectsas local minima that are irrelevant in a large grain may be significant to smaller
grains. This type of localised approach would be advantageous in rnriechsal
images wherd is necessary to segment grains of significantly different size. However,
asthis method is presented for the segmentation of natural inthgedpnot resemble
those in the titanium dataset or the biomedical images in thiss@étthe reportit is
unknown how apptiable such a method would.da particular,it seems unlikely to
work when large and small grains are adjacwifitich occurs in microstructural data

A hybrid gradient scheme is also proposed to improve the Watkisansform by
improving the relevace of the topographic function to the image cont&while the

idea of modifying the basic gradient function to provide a more relevant topographic
function to input into Watershe@ransformis interesting, thisarticle achieves this
using colour information which is not available in any useful fornm the
microstructural dataset studied in this theBigferent techniques would be required

to obtain suitable information if the topographic function was to be modifi¢de

case of microstructural analysis.

Zhang et al. [100] propose algorithms for segmenting-ray images usinghe
Watershed Transform and region mergidarkers were produced by thresholding
the gradient image, with low gradients indicating adédaly to be within a single
region. Equations are provided foresgting a suitable threshold value automatically.
As large variation in pixel intensity camccur due to noise&n excess of markers
created, causing owsegmentation. This isesolved by using region merging to
identify oversegmented regionsd rejoin regions wher¢he men grey value within
adjacent regions are similaVhile more sophisticated marker computation techniques
areseen in other segmentation algorithms, the idea of merging grains based on mean
intensity is interestingo titanium image segmentation. Noise often obscures the
boundary between adjacent graineweverit is not uncommon fothese same grains

to presenwith different mean intensities. This approadhuld, therefore be useful to
solve oversegmentatiorrrorsprovided the initial segmentation found regions large
enough for the mean intensity to be a good statistical representationrietissty of

its parent grainAs adjacent grains can have similar intensiitess likely that the
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merging criteriawile ed t o be more specific than i

informationotherthan intensitywhen deciding which regions should merge.

More recently, Konyunctet al.[101] also proposg¢ methods based on the Watershed
Transform for images of clusteredabei. However, while previouauthors achieve

this by using image gradient as the topographic functionthedmaxima of the
distance map as the markesksonyuncubés met hod reverses
difference this makes is that each grain is marked wiregkt spotsn the image occur
andboundaries are placenh the location of maximum concavity betwexdajects not

where the intensity change is greatéldte more popular approach is to ube
concavities to identify different grains amdtensity changes to place boundaries
between themDue to noiseh-minima suppressioagainhad to be applied to the
gradient map when computing rkars. Howeverthe authors found thatlue to
brightness differences between nuctgime objects were only markbey specific h
minima thresholds and not otkeCruciallythere was no ideal valueheare all nuclei
where marked. This was the casenover alocal area, as bright nuclei could exist
next to dark onesn the datasetTherefore, the previously discusseénmima
suppression methods are not as effective when markers come from the greglient

To solve this problem multiple marker sets are produced by incrementally increasing
the hhminima threshold. For each new marker, seily markers that do not intersect

the location of any existing markers are added to the combined marker setlol¥ss al
new markers to be added without allng existing markers to expand and merge

together, potentially creatinghdersegmentation issues.

The prevalenceof h-minimasuppressiorm this field is quite obvious and it seems to

be highly effective at prevéing oversegmentation. However, this does so only by
supressing the extracted information, when using the distance transform or gradient
function to find these markers, and thus reducing excess of markers often produced.
The properties of microstructurethages mean that neither function may be able to
detect all the grains in the image, so ssigppressionn its own would not be enough

to gain sufficient markers. It is, therefore, also necessary to also study other methods

to extracting information.
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Al-Kofahiet al.[44] studies the use afaplacian oiGaussiarjLoG) filters for markirg
extremely clustered cell nuclei. Laplacian filters are derivative filters used to find areas
of rapid change. AoG combines this with &aussiaiilter so this change is detected
on asmoother, less noise corruptede image. Although both these operas are
formalised into a single filter in the following literature it should be noted that the
responsef the filteris a measure dhe gradient magnitude Gfaussian filterednage.
Therefore, the minima in this output can be used as a maskmeviously described
The area over which thi@aussian filter is applied relative to the resolution of the image
has a significaneffect on the output ahe LoG. This is known as the scale.the
work of Lindeberget al. [102] this scale is computed via an aui@ied method. Al
Kofahi instead attempts autti-scale approach, hysing different sizeof Gaussian
filters and corbining themarkers produakfor a range of differently filtered images.
However, it is found thagven mutliscale approaches dot giveadequatenarkers in

the case of such clusteredclei in noisy images. To resolve thig€uclidean gtance
map of a mary representation of the imageis=d to constrain the LoG filtered results
so thatminimafrom two adjacent grains cannot merge iaingle markewhile there
existsa maximumin the distance map between them. Timeans thaedge and
Gaussiaimaps are combined,e. shape and intensity informaticare combined when
computing marketsThe strong results achieved indicated the benefit of combining

different sources of information at the marker computation stage.

Cosattoet al. [103] use the Hough Transform to aid the identification of cells in
histopathologymages. This transfortakes an image with imperfect shapes, such as

an edge detected image where there are gaps in dgeotiaries andttempts to
identify the shapes. It does spdonverting the image to a feature space and assigning
values t o each pixel allowing it to Avoteo
for exists or notTo identify cells,an edge map of the imagefirst generatetbefore

a Hough Transform ishenused where¢he output foreach pixel is the accumulation

of directly opposed intensities in the edge map at multiple angles. The transformed
image would have peaks at the centregegfons enclosed by boundaries identifiable

on an edge map\ctive contour methods, specifically Snakes, are then applied, starting
at these peaks and stopping at low energy outlines which represent nuclei boundaries.

Uppadaet al. [104] also uses the Hough Transform in the analysis of histopathology
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images. However, rather than using active contour methods the Waterahstbiim

is then applied with the Hough Transform being used to generate markers, in a similar
way as described {103]. Both methods require suitable grecessing to produce an

edge detected image to which the transform can applied. It is logical that the more edge
informationthat exists the more likely it is fosuch approaches to be succesdgl.

the response of the Hough Transform is dependent @xgezéedshape of the object

it alsofollows that more consistently shaped objects will achieve betseits. It is
believed thathe variation in theisibility of contours and shape of objects i o

the biggest differeneebetween microstructuradlata and histopathology images.
Therefore, such methods have a lower probability of success for the dataset in this

thesis.

Qi et al. [105] use active contour methods for segmenting histopathology images.
Instead of the Hough Transfoyia novel marking scheme is proposednark nuclei

using a meashift-based singlpass voting system. For each pixe2[@ triangular

cone shaped voting area is defined using the direction of negative gradient at that pixel
and a predeterined radiusgdetermined by the expectdthmeter of imag objects A

shifted Gaussian kernel is used such that its mean is the centre of the voting area and
the kernel is orientated along the voting direction. The value returned by the voting
system for each pixe$ theconvolutionof the gradient asthGaussia kernel for each

pixel in the imageThe proposed techniqiedemonstrated to be good at dealing with
overlapping grains in hispathology images where the main challenge when
computing markerss not the level of clustering but that the overlappingaeds

darker due to translucenature of thecells. However, as grains in microstructural
images are not translucent and are potentially more clustered than some of the

exampl es shown i n Qi 0 morelikelythbhesuctesslr appr o

Veta et al. [106] also proposed a novel marking scheme for the segmentation of
histopathology images, using the fast radial symmetry transféiis transform
operates alondirectionof positive gradientooking for locatons ofradial symmetry.
To do this thegradient orientabn is first computedor every pixel studiedFor a
circular neighbourhood froma given pixel, the positively affected pixsland
negatively affect pixalin that neighbourhoqdiefined as the pixels poing towards

or away fronthe pixel of interest, are assigned corresponding vallessum of these
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values will be high in areagherethe gradient points towardse affected pixel. This
will identify bright radially symmetric regionsvhich can then be anked Clearly the
gradientwithin an object does not inherenggint to its centren most imagesor this
reason d&aussiarkernel is includedn the algorithm whiclblurs the boundary of the
object inwards to create this effect. The size Gdussiankernel andcircular
neighbourhoodtudiedare usually kept tthe same value and asetical to the success
of marler computationThe gradient magnitude can also bdudedin the calculation,
butit was found that it is mo$teneficial to just use orientation vasuenless studying

images wherenly objecs of a certain contrast are of interest
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This review has identifieimitationsin exising methodsf microstructural analysis

where new methods caliprovide impactful improvemest

For many microstructural featureacludng the critical property of alpha grain size,
no acceptable automated measurermpsyteduravas found in this reviewl his means
thatmanual methods ardtenused which are inherently labour intensive and open to
human error and subijectivity. In additiorvidence is provided indicatinthese
methods are slow to implement and achieVatirely poor repeatabilitj29], [31]. A

fully automated image prosging technique, capable of measuring microstructural
features t@ similarlevel ofaccuracy as an expenaterials scientistan achieveising
manualmethodswould solve the problem of repeatiityiand human errorThere is
also a good chance such methods would also be faster, with cfotime existing
applications presented achieviagcurate measurements in secoodsrelatively
similar dataets. Mcrostrudural featurs for which automated methods alreackyst
oftenhave problems with the robustn¢ts], [63], which are described in Section 4.1,
and would not work for every microstructure in the dataset used in this study. Only the

volume fraction of alpha phasegsfficiently, reliably measured in existing literature.

There is great scope to add to this know&ettlgough thelevelopmenbf newimage
processing techniques. In the latter section of this revimany image analysis
methods are presented that have successfully automated measurements of objects in
similar data. Most of the methods presented in thii@e have no dagamented trial

of their use on microstructural images so it is largely unknown how effective such
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procedures could be. However, each method readdwad some difference between
the dataset used in its validation and the microstructurabofigiiés study. Therefore,
it seems likely that the direct application of these techniquesotyield ideal results,
particularly given the variations that can exist in microstructural @&aperimental
trials on several existing procedui&s, [44], [76], presented in Chapter 8upport
this hypothesisinstead the methis reviewed were used primarily to guide the

development of the novel algorithms proposed in this thesis.

Several of the image processing techniques described in this review demonsttate goo
results in datasets similar to the titanium image datasets used in this study. Although
no single technique appears to be capable of measuring all features expected in
microstructural images, measurements similar to those of some of the properties to be
measured are obtained through separate methods. However, the difference in the data
these techniques are applied to mean these methods are unlikely to give accurate and
reliable results in the titanium dataset in their current form. Techniques basedyen ima
segmentation can measure a wide range of properties and can provide statistical data
both per image object and per unit area. A segmentation approach is, therefore,
preferable, however, appears to not be practical in all cases. Most of segmentation
methods, used for segmenting individual features in images, found in this review have
been applied to segment objects that are globular in shape6il-AV alloys it is
common for elongated grains to align in parallel clusters, which often makes their
segmatation more challenging as any overlap between similarly orientated elongated
objects, of the same intensity, results in only a small amount of boundary deformation
where the two objects meet. In images with very thin features, segmentation is often
even more challenging as the resolution is not high enough to obtain precise
information about the shape of object boundaries. Good delineation of these
boundaries is a key factor in many segmentation algorithms, therefore, attempts to
segment each platelet more likely to lead to errors than for globular grains.

lllustrations of these challenges are showRigure4.10.
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Figure 4.10: Examples of properties of images of elongated structures the¢
result in challenging segmentation where apverlap between globular and
elongated grains and corresponding boundary deformation differences and t

very fine platelets where resolution is challenging

Image segmentation would, therefore, seem well suited to the analysis of globular
alpha grains buiess so for elongated platelets. Techniques for measuring the image
directly, without segmentation, have shown success in numerous cases where
elongated structures are to be measured. Therefore, it is likely that separate techniques
based on these methodse more likely to successfully measure alpha platelets.
However, in existing algorithms, it is common for these methods to only measure a
certain property of an image feature being investigated, such as size, shape and
orientation, rather than measuririgfaatures. Additionally, the techniques presented

are known to fail in certain cases and may not be robust enough for the most complex
images. Segmentation methods generally fail when objects of similar intensity are
touching in noisy images and direceasurements often fail when the shape and size

of objects are not at least somewhat predictable. Overall, while many promising
approaches have been identified, novel algorithms are required to address limitations

of existing methods in order to obtain ae measurements of titanium data.

In this thesis two separate methaale proposedone to measure globular grains
through segmentation, in Chapter 5, and one to measure elongated platelet properties,

in Chapter 6. The methods will primarily aim to addreshortcomingsin the
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microstructural analysis process described in the former section of this rémiew
doing sq these chapteralsointroduce angresent new image processing techniques
to improve uponthe stateof-the-art methodsidentified in the image processing

literature.
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5SS GMENTATAQFON
GLOBULAR ALPHA GI

In this chapter, a new segmentation method is progosdeéntify individual globular
alpha grains andacilitate accurate automated measured of grain size and volume
fraction. Reliable automated methods to compute these properties-@AlHAYV
microstructures was not found in existing literatuvée call this algorithm the
Clustered Grain Segmentation Algorithm (CGSA) as, unlike methods found in existing
literature, it is speciically designedo be effective asegmenng clusters of touching
grains based on-griori knowledge of common properties of microstructural dete
technique idased upon the widely used Watershed Transform, as this is known to be
particularly effetive at segmenting touching objecksowever, gisting methods to
apply this transform are likely to result in significant segmentation errors, due to a
failure to sufficiently address ovsegmentation probleme an appropriate manner

for the titanium deaset Oversegmentation isommonin the Watershed Transform,

and the complexities of titanium microstructural images increase the extent of this
issue.The CGSA addresses this loging novel pre and postprocessing techniques

to improve the segmentaticaccuracyof the Marker Based Watershed Transform
(MBWT), a flowchart of the steps in this algorithm is providedrigure 5.2. This
includes a new nrtker computation techniqubat we call Clustered Grain Marking
(CGM) that is well suited for identifyingndividual grains withirclusters of adjoining
grains. The proposed technique builds these markers based on features common to
grains in all microstretural data encountered in this study, not just a particular type of
image,and plays a key role in reducing oxssgmentatioim a robust and reliable way
Suitable filtering techniques for d@wising different microstructural data as¢so
described. Additionally, the Hiar-Miss Transform is introduced as an optional-pre
processg step to identify and remove artefacts caussdimproper material

preparation prior to imaging.A new merging procedure is also presented which
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incorporates prior knowledge of themicrostructural dataset to reduce over
segmentation errors, as well as a new splitting function to reduce errors caused by
undersegmentationValidation of the accuracy of the new algorithm, both for

microstructural measurements andresentation accuracy, is provided in Chapter 8.

This chaptebegins by firsassesgsg the microstructural images used in this study and
sets out the key challengescountered whesegmentinghese imagesising the
Watershed TransforrA general descriptin of the new segmentation algorithm is then
proposed with the remainder of the chapter describing eachnpieost processing

stepthat isused to improve segmentation accuracy.

Most of the work in chgter is published iran article inthe Journal oMaterials and
Design[6].

514 EA OACI AT OMOETAOONEAE A O BC xEO
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Microstructural images have a series of inherent properties that make analysis difficult
for both automated and manual techniqueg tBichnique in this chapter segments the
image prior to taking measuremeritgerefore, the accuracy tfesemeasurements is
dependent on the ability of the proposed methods to identify the boundaries between
microstructural features. In twghase microstructures, the different phases of material
often present as light or dark regs making the boundaries between phases easy to
delineateas can be seenkiigure5.1. However, the boundaries between grains of the
samephase are typically more difficult to distinguish. This difficulty varies based on
the microscopy technology used to capture an image of the microstructure. A Scanning
Electron Microscope (SEM) can measure the topography and chemical characteristics
of a @mple so it can produce high contrast images. In these images, adjacent grains
often differ in intensity even when they are of the same phase. Optical Microscopes
(OMs) are based only on the physical appearance of grains so provide lower contrast
images. A a result, adjacent grains of a single phase are usually thergansaty
throughout In some cases, a boundary between adjacent grains of the same phase can
still be seen imoptical images although thisccurs less frequently than in images
produced usg a SEM Figure5.1 shows clusters of equiaxed alpha grains e®Al-

4V from images produced using a SEM and OM respectively.
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a) b)

Figure 5.1: Images from SEM and OM technologies illustrating grain
boundary delineationand noise where a) is a cluster of alpha grains in an SEI

images and b) is a similar cluster in an Optical image

Studying the gradient of an image will clearly rewballocation of at least some grain
boundariesin both imagesFromFigure5.1itis clear that in an SEM image, a greater
number of boundariebetween touching alpha graimsay be foundin this way
however, the tradeff for this additional intensity information is noise. As described

in the analysis of SEM technology in Chapter 3, variations in the intensity of pixels
within a single grain can vary greatly. Great care must therefore be taken to distinguish
variationsdue to noise and variations due to grain boundaries. In a Watershed
Transform using the gradient as the segmentation function, this noise could produce
local minima in the function which will cause owv&gmentation errors unless
appropriate markers arsedprevent this. For the same reason, technigques based on
edge detection methods may al so detect a

no grain boundary exists.

In addition to the visible contrast changes between grains, the shape of the grain can
also be used to locate boundaries. Grains are usually elliptical and normally do not
feature any large concave regions. Therefore, if concavities are seen in a sasgle ph

of the material then this would indicate the presence of an overlap between two
adjacent grains. These would normally by equally visible in both SEM and OM images
as each phase has a clearly different intensity in either technology, result in clear
boundaries between each phase. However, much like the intensity variations
previously described, these concavities are also not always present so cannot be relied
upon exclusively as an indicator of grain boundaries. The image$igure 5.1
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illustrates this point well. IrfFigure 5.1 b) the cluster of i@ins clearly has subtle
concavities in several areas, howeveFigure5.1 a) there is a line of touching grains

where no concavity is visible.

A final property to consider is that grains of the same type often fall within a similar

size range. If the mean sizegbbbulara | pha i s 5em it is very u
or SvioaldexistObj ects of O0.5&em may exkelstd i n t |
be meaningless artefacts or secondary alpha grains, which for this thesis we do not
measureThis predictability in sizehas both benefits and disadvantages. The benefit

is that when measuring specific grain types, the worse segmentation etiorbeo

removed by only considering those within a specified deviation of the mean. However,

the downside is that size based approaches such as granulometry are less likely to be

able to segment these grains.

Further difficulties can be introduced by defedn the image. Studying the
microstructure of a material requires several preparation steps such as polishing the
sample to remove residue and flatten the surface, and then etching it, to make grain
boundaries more visible. Sample preparation is atneml task and can cause
scratches or other artefacts to appear in the image. While these features can be limited
by good sample preparation methods, it is of benefit for the proposed method to be as
robust to these variations as possible.

It is clear fromthe analysis of microstructural images that there are several key
challenges for the segmentation procedure to overcome. A significant amount of noise
is present, particularly in SEM images, which is known to causesaggmentation in

the Watershed Trarmfm. While filtering the image to reduce noise is useful, the
extent of this is limited by the desire to preserve subtle intensity changes between
grains, which will often be the only indicator of grain boundaries. Therefore, extracting

a suitable set of arkers with which to seed the Watershed Transform is essential to
ensure good segmentation accuracy. As the ideal set of markers is a single marker
within every grain in the image, the marker computation method must have the ability
to decide approximatelyhere each grain exists within the image. The analysis of the
images presented makes it clear that no single image feature can reliably be used for
this task, therefore, a combination of intensity and shape information is required to

103



find suitable markersThe difficulty of this task makes segmentation errors still likely,
however, the relative predictability of grain size and shape will allow many of these
errors to be resolved by pgstocessing steps that study the shape and size of

segmented regions.

52# OOOAOAA ' OAET 3ALCHEABOQOEIT
A new segmentation algorithrtermed the CGSAs proposed which aims to improve

the segmentation accuracy of the Watershed Transform when applied to complex
microstructural images by using severalmed postprocessing steps. This facilitates
accurate and reliable automated measurement of grain size and globular volume
fraction. A key factor in the design of this algorithm is the need to achieve a high level
of robustness. Microstructural images vary extezlgi based on the thermo
mechanical history of the material, as well as the imaging methods and technology
used to capture these images. Therefore, it is important that the algorithm designed is
not excessively dependant on any single factor to locatesgoaitheir boundaries and
instead makes use of as much information in the data as possible. The proposed
combination of preand posiprocessing steps allow the algorithm presented here to
achieve thisThe CGSA cardetect subtle boundaries between tonghgrains, even

in noisy images or those from less detailed optical microscopes. optional
functions are included a preprocessing function aimed at detecting artefacts
corrupting the image data and a ppsicessing step aimed at ifig under
segmentaon errors. These were designed and included as they resolve specific issues
encountered during the segmentation of some data, however, are left optionis as the
performance was concluded to not be advantageous in the majority of cases. The
experimental@asoning behind this decision is explained in Chapterf@®w chart of

the main steps in the segmentation algorithm, and how they relate to each other, is

shown inFigure5.2.
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Figure 5.2: Flow chart of stages inCGSA

The algorithm requires a greyscale microstructural image as an. iRpiaring
procedures should be the first ymecessing step appliegthe resulting reduction in
noiseis beneficial to subsequent stépactions Phase separation procedures must be
performedimmediately after the Watershed Transform so fheher splitting and
merging of regions should only be applied to the algtzans This step should be
ignored forsinglephase microstructuse Merging procedures are used prior to the
additional splitting function so th#te splittingfunction operates baseoh the most
accurate segmentation information possible. Finally, standardised measurement

techniques are applied to measure the grains in the segmented image.

530 GAOT AAOOET C

This section describes a range of-gyecessing procedures aimed at preventieg
Watershed Transform from producing segmentation errors. These methods
particularly target ovesegmentation, which is a known weakness of this transform.
The use of filtering techniques is described, and evidence is provided as to why
Gaussiarfiltering is considered the most appropriate for microstructural images. This
includes both its effectiveness at general noise reduction and also on specific issues
such as scratches. An additional artefact detection procedure is also described to limit
the impatthat image defects have on the segmentation result. Finally, a novel marker
computation approach is proposed that is applicable to microstructural images and

helps prevent ovesegmentation.
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5.3.1Invert SEM Images

The techniques described in thi®sisassune the convention that features of interest

in an image are brighter than the rest of the image content. Optical images inherently
show alpha phase as light and beta as dark so meets this criterion. However, SEM
iImages show alpha phase as relatively degkons. It is, therefore, necessary to invert
images captured with an SEM to match this format. This is achieved by subtracting
the intensity of each pixel from the maximum intensity allowed by the bit depth of the
image. This is shown ifEquation (5.1) where fsem is the microstructural image
produced by a SEM;is the imagefter inversion that will use used by the algorithm
andb is the bit depth.

Q. ¢ Q ahw (5.1)

5.3.2Filtering Microstructural Data

As described in SectioB.2 the microstructural images often contain a significant
amount of noise, particularly if a Scanning Electron Microscope (SEM) is used. This
noise creas local minima in the gradieotimage whichthe proposed algorithomses

as an input fothe Watershed Transforrithe use of markers alone is not sufficient to
completely resolve the errors this would cause as it only preventsegerentation
errors,by marking the locations of grains. Even with markers, noise could still cause
errors by fooling the Watershed Transform into positioning boundaries in the wrong
location, if noiseresulted inlarger variatios in intensitywithin grainsthanat the
boundaies between themHigh levels of noise could also cause errors when
computing the markers using thew CGM method proposea Section5.3.3 as this
method also considers image gradient. It is, therefore, highly beneficial to filter the
input image to reduce noise prior to performing any other step in the proposed
segmentation algorithm. However, this must be performegfutlgrand in a robust

way astrue grain boundaries are often indicated by subtle intensity changes and it is
undesirable to lose this information.

The fundamentals of filters are described in Chapter 3. For the purposes of this section
it is recalled that filters operate by assignesgh pixel a value based on the value of

pixels in the surrounding area, with this area determined by the size of the kernel used
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for filtering. For a single grain in a titanium image it can be shown that the intensity

values of pixels follow &aussiardistribution, as irFigure5.3.

Histogram

Number of Pixels

tint . ‘ .
60 80 100 120 140 160 180 200 220 240
Intensity Level

a) b)

Figure 5.3: lllustration of noise in an SEM imagewhere a) individual grain and

b) histogram of orientation values

This suggests thabaussiarfiltering methods[24] would be the most effective at
removing this noise. This is supported by other research into image analys&Adf Ti

4V microstructures, which also uses this filtering metf3zqd.

The influence ofGaussiarfiltering on the identification of grain boundaries can be
obseved through the filtered image and corresponding gradients shdvigure5.4.

The effects of different kernel sizes (3x3, 5x5, 9x9faussiarfilter are shown by
applying them to an image showing 3 tightly packed grains. The grains are of similar
yet slightly different intensity, have a few thin beta phase sections between them and

have small artefacts on the upper leftmost grain.
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e) 9)

Figure 5.4: Examples of filtering of microstructural images where a) shows the
original image, b),c) and d) show a filtered image and e), f) and g) show tl
corresponding gradient image when filtering using a Gaussian filter of size 3x:

5x5, and 9x9 respectively

As expectedthe results shovaussiatiiltering to be effective at reducing noise while
preserving grain boundaries, however, the blurring effeased by this filter is also
visible. As filter size gets larger the boundaries become easier to distinguish in the
gradient image. An artefactjlbvisible in the upper lefhand corner of the 3x3 filtered

image, is removed by the two larger filter sizelowever, the thin layer of beta phase
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seen in the lethand side of th&x3 filtered image is no longer visible in the 5x5
fillered image. While the larger beta phase layer on the-hightl side does not
disappear, it is clearly larger when the 9x®efilis used. The ideal size of this filter
should therefore be adjusted depending on the dataset to ensure the best results, as the
data lost through distortion must be balanced against noise removal. For microscopy
applications, SEM images contain mordseothan optical ones so require a larger
filter. For segmentatiof globular grainspbscuringsuchthin regions due to the
blurring effect would not have a significant impact on restltsvever, this would be
unacceptablezhen measuring thin alpha ptgts For the Ti6AlI4V microstructures in

the titanium dataset, the best results were achieved using a 5x5 filter for SEM images
and a 3x3 filter for optical images or images containing platelets.

As well as reducing level dbaussiamoise in microstructal images, filtering can

also reduce the effect of scratches on the material surface. These scratches appear on
the image as thin lireeof a different intensity than the surrounding grain. Provided
these scratches are thin relative to the size of keseel oy the filter then the blurring

effect is actually useful as it will remove scratches from the imfagexample of this

benefit isillustratedin Figure5.5. This figureshows amicrostructuraimagewith a

large number of scratchesnd its corresponding segmentationith the same
technique,before and after the application ofGaussianfilter. While the image
appears blurry after filtering, intsity changebetween larger spatial features, such as
grains, remain visible, while intensity changes at smaller spatial features, such as
scratches, are removed. This results in fewer-segmentation errord’ he image

shown in this figure is not of I6AI-4V, but of the Inconel 718 alloy. Whike full
investigation othis alloy was outside the scope of this project, small trials where run
and this result is included here as this best illustrates the effect of the filtering process,
as a higher density of scratches were present than on any titanium sample in the dataset.
Its inclusion also provides a small insight into the general applicability of the methods

developed in this thesis.
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c) d)

Figure 5.5: Influence of Gaussian filtering on scratche®n images
of alnconel 718 alloywhere a) unfiltered image, b) segmentatior
of unfiltered image, c) filtered image and d) segmentation o

filtered image

5.3.3Clustered Grain Marking (CGM)

Automatically computing a reliable sgtmarkers for the MBWT is a difficult taskn

some cases, serautomatic procedures can get around this problem by allowing the
user to manually select seed points to use as markers. However, in microstructural
images containing hundreds of grains thisasa practical solution and an automated
method to compute these markers is required. In the simplest case the minima of the
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image can be used as markers. However, the images in this study contain significant
amounts of noise, meaning it is expected #éma¢xcess of irrelevant local minima will

exist within each object ithe image This means it is important to use markers
computed independently from local minima in the image. The need for this set of
markers is further illustrated Figure5.6 which compares the segmentation produced
when flooding from all local minima of the gradient image with floods originating

from a predefined set of markers, computed from existing metlods

Figure 5.6: Examples of WatershedSegmentation with andwithout markers
where a) is theWatershedSegmentation based on flooding from all minima, b)
is a predefined set of markergfrom UO [77]) and c) is the Watershed

Segmentationresult using these markers

It can be observed that severe esegmentation occurs when the Watershed
Transformfloodsfrom all local minima while flooding from selected markers reduces
this significantly. However, computing such markers are difficult anduigeofan
insufficiently accurate set of markers, as showrFigure 5.6, will reduce over
segmentation bugtill provide unacceptable resulf@edevelopnentof new methods

to computea more accurate and reliable set of markers for grains -BAIF4V
microstrudural image datéss, therefore, very importanThisis achievedhrough the

development of the CGM technique.

CGM is aflexible marker computation approatiat combiresintensity and shape
information to provide a robust set of markers. The motivaisoto be able to
accurately mark grains in differemicrostructure types, produced using different
imaging technologieslespite fluctuations in thevel of detailed shape and intensity

informationavailable in different microstructurebhis prevents isss found in over
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trained segmentation techniques target features of particular microstructures types, as

demonstrated in Chapter 8.

d) e) f)

Figure 5.7: Computation of markers where a) original image, b) image
gradient, c) sparse edge detection, d) distance transform, e) local maxima wi

h-maxima suppression and f) overlay showing the final set of markers

Figure 5.7 illustrates the effects of each step in the proposed, novel marker
computation processThe markers are computed by first using edge detection
techniques to locate significant variations in intendihat are Blieved likely to
indicate the boundary between grains, akigure5.7 c¢). This is achieved by using
known edge detection techniques, specifically the Sobel filter described in Chapter 3.
The gradient image, shown kigure5.7 b), is computedby applyingSobel filtersto

the Gaussian filtered imaged a prealefined thresholds, isthenapplied to the result

to create a binary image marking edges in image data. Shape information is then
incorporated into the markers bpplying the distance transform to the inverse of the
edge detected result. This returns an image where the value at each pixel corresponds
to the distance between that point and the nearest detected edgEigasab.7 d).

This creates a topographic map of the image where local magmespondo regions
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that are central between detected edges. It is believed that local maxima in the distance
function, therefore correspond approximately to the centres of grains, providing
suitable markers. However, as noise occurs within grains, some local maxima that are
likely to be caused by falsely detected edges. However, these maxima are likely to be
smaller than those created by only true grain boundaries. Thereflemgaxima
suppression techniques can be used to supress the smallest mémihthe number

of excess markerd he remaining local maxima are most likely representations of the
location grainso these are extracted and used as a set of markers;igargb.7 f).

The algorithm given belown terms of the combination of functions used

Algorithm 1:CGM

Input: I: greyscalémage,ts: edge detection sensitivity
Output: M: markers

1. E=edgeDetection(ts)

2. DT=distanceTransfornk)

3. RmaxfindRegionalMaximaDT)
4. M=h-maximaSupressiol)

Some of the techniques used in this method have been previously applied to compute
markers but have not been combined in this Wag. use of Fminimasuppressiohas

been popularised in research on medical image segmentation as a method of reducing
excesanarkers, as described in Sect2.3.5 The CGM techniques proposed uses

the inverse of this transform;rhaxima, due to the functions used to comphte
markers, but the principal is the same. Tike of the distance transform was previously
applied by Beuchel5] to mark coffee beans, and more recently by Sxtsa. [36]

who also aimed to mark grains in microstructures. However, both methods applied the
distance transform to a thresholded binary imaggea result, these methods fail to
accurately capture boundaries between grains of the same phase. The proposed
combination of methods included in the new marker computation algorithm allows a

robust set of markers to be built using the beneficial ptimsesf each. Edge detection
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provides intensity information while the distance transform provides shape
information. The combination of the two means that the shape of even subtle
boundaries can be considered while searching for markers, including gdphaayedin
boundaries that existing methods often fail to consider. The effectiveness of this
approach isvell demonstrated by the example kigure 5.7. The linear cluster of
grains in the lower section of the image form a relatively smooth region of alpha phase.
The boundary between alpha and beta phases here do not show any significant
concavity. However, the edge detectionfFigure5.7 c), finds the intensity change
between each grain, indicating where segmentation should occur. Similarly, for the
cluster of grains in the upper righand cornemo edge is marked between the grains,

as shown irFigure5.7 c). However, the distance transfornFigure5.7 d) does place
distinct local maxima in each due to the concavities in the boundary. The result is that
all of the aforementioned grains are marked correctly in the final markerSgune

5.7 f) despite the boundaries not sharing a common distinguishing factor.

There are two parameters which govern the effectiveness of marker coampusatg

the proposed method; the sensitivity of the initial edge detection and the level of h
maxima suppressiofit was found that suitable levebf h-maximasuppressioran

be set and used for all microstructyras this was used only temove the smallest
maxima cause by noise with the larger errors prevented by the range of otfaerdpre
post processing steps in this algorithrifhe sensitivity of edge detection,
determines how large a variation in intensity should be used tatedite presence

of a boundary. There is no global ideal sensitivity value as the intensity change
indicating a boundary varies depending on the content, contrast and noise level of the
image, as well as any filtering methods applied. As edge detectibe fgst step in
computing markers using this methtite sensitivity of edge detectigscritical as it
directly affects the level of oveand undersegmentationThe need to empirically set
such a crucial parameter hiasgl to the proposed CGM technig being ruled out in
research for segmenting images in other applicatiph@7]. However, in
microstructural analysis this can be quite useful @sovides an intuitive parameter
that controls the level of segmentatidrhis mears thatan expert materials scientist,
withoutanyimage processing experienceuld calibrate the segmentation and results

measurements to their current expectations andlatd.Chapter 7proposes a new
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software tool that allows this to be achieved easilpliservinga visualisation othe
effectthe parameter has the final segmentation. This allows the marker computation
scheme to be adapted to suit a wide range akdégValidation of this is undertaken

in Chapter 8 for a broad range of titanium microstructures. It is also believedishat
techniquecould be applied to mark objects in images from other applications. While
it is outside the scope of this thesisfutly investigate this a brief example of CGM

applied to other datasets is providedrigure5.8.

Figure 5.8: Examples of CGM on datasets from other fields where ajnage of
muscle fibre in human tissue, b) is markers for each fibre, c) image of spheric

particles and d) is markers of each particld36]

For microstructural analysis, it is alsoportant to note that, although this sensitivity
parameter affects the segmentation, the usbeoflistance transform andnhinima

means that markers still have to adhere to certain size and shape requirements. When
combined with the pogirocessing methods in Section 5.3, the resulting segmentation
algorithm has enough rules in place that changesdge detection sensitivity will
normally allow only relatively small changes to made to the segmentation, rather than

this being adjusted to achieve any arbitrary result.

5.3.4 Artefact Detection
This section describesiethods to deal witla problemthat occurs rarely in the
microstructural datawhere slightly larger, round artefacts corrupted some of the

images in this study. An example of this is showRigure5.9 a).
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artefacts

W
a) b) C)

Figure 5.9: Example of artefacts in an SEM image and their effect or

segmentation where a) original imagevith artefacts indicated, b) segmentation
result with artefact corruption and c) segmentation with artefacts removed

Theseartefacts are dar&nd circular and often, but do not always contain a white dot

at their centre.The intensity change at their boundary wypically be marked by the

edge detectionuhctions used in the marker computation algorithm, so a marker may
be given to artefacts. This will also affect the gradient image used as the topographic
surface of the Watershéldansform meaning boundaries between objects are more
likely to be placed Wwere artefacts exist, even if a marker did not exist at the artefact.
As the artefacts relate only to errors when producing microstructural imageseand

not informative of the underlying microstructure, it is desirable to ignore their presence
when perbrming analysis Therefore, the two issues described above must be
addressed. Fortunately, these artefacts are very dark, small and round relative to alpha
grains in the same image. These properties make it possible to detect these artefacts

and then limitheir effect on segmentation.

To do this an artefact detection and removal algorithm is proposed based on the hit
or-miss transform{26]. First the tophat operator is applied to remove bright spots
from the centre of artefacts so that artefacts take the form of entirely black ditutes.

was ane as bright spots only appear in some artefaatarsootbe used reliably for
identification.The image is then inverted to keep with the convention that the objects

to be identified are brighter than the background of the image. Ther-Niiss
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transform is then used to identify small dark circles. As artefacts of different sizes
exist, a rangefaifferent sizes of pairs of SE are used, with the artefacts detected by
all pairs added to form a complete set of detected artefacts. The result of applying this

to a microstructural image containing artefacts is showigare5.10.

mode | det WD
4.5 |Z Cont| BSED 9.5 mm

Figure 5.10: Example of artefact detection using the hior-miss transform

where a) original image and b) shows artefacts in red

It is clear from this result that artefacts can be detected successfully using this existing
transform. However, removing these artefacts is a more difficult task. To remove
artefacts from considerat during the segmentation processe® operations are
performed. First any marker that lies within an artefact is removed from the set of
markers previously computed prevent ovesegmentation errors. To do this the edge
detection result used for mak computation is modified such that any pixel in a
location where an artefact exists does not return a positive value in the edge detection
Second, the gradient image used for the
locations that lie within aartefact. This prevestoundaries betweemvb correctly
marked grains from being placed at the location of an artefact rather than an intensity
change. The effect of segmentation using this artefact resistant marker method is
shown inFigure5.9 c¢). While this example suggests positive results, it is@bssible

to introduce undesegmentation errors using this approach. If the artefact occurs at a

boundary between grains, the msgy information it obscures cannot be recovered.
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While the artefact is present segmentation lines will still exist at the boundary, but
without it no segmentation will occurs. The likelihood of grains occurring on grain
boundaries will determine the sess of this technique. This effect can be limited by
constraining detected artefacts not include pixels on the boundary between alpha and
beta phase, but this cannot be done for alpha/alpha boundaries. Therefore, this stage is
considered optional and reptiere as an additional function rather than a core part of

the segmentation technique.

547 AOAOOEAA 40AT OA& Oi

After preprocessing there exists a filtered version of the original image and set of
markers that can be used to produce a segmentation usiwpteeshed Transform.
The transform is now applied by taking the gradient of the filtered image as the
topographic function, with this gradient then modified to include global minima only
at locations where markers exist, as per the method of M8grThe result is a
complete segmentation of the image with boundaries placed between markeagra
the location of the highest gradient between them. This is illustratédjume 5.11,

which also shows a ground truth segmentation, createal rogterials scientist, for

comparison

Markers

Topographic Surface

07
I

Figure 5.11: lllustration of the inputs and outputs of theWatershed Transform
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This section describes the post processing steps used @G8BA The Watershed
Transform produces a complete segmentation of the entire image. As alpha and beta
phases are measured separately methods of distinguishing between the two phases are
required As image segmentation is challenging, additional procedures are proposed to
correct any segmentation errors based on prior knowledge of the images under study
and their content. Region merging procedures have been appligievious
segmentation approae as described in Sectigh2.3.3 to incorporate this prior
knowledge An implementation of this is described here using bespoke merging
criteria thatis suitable for reducing segmentation errors in a wide variety of
microstructures. A region splitting approach is then presented to correct any under

segmentation errors based on the shape cfagmented grain boundaries.

5.5.1Phase Separation

The Watershed ransform produces a complete segmentation of the image, including

all phases of material. Before measurements of alpha grains can be performed, alpha
and beta phase regions must be distinguished so that no beta phase regions are
erroneously included in dh@a grain measurements. Thresholding the original image
provides an estimate of phase separation on a per pixel basis, as each phase normally
i's of significantl!l y dJ[l08]can beusettoautomaticalyi t vy .
select a suitable threshold for a given image. This works well in images that are
consistently illuminated, however, it can cause phases to be misidentified in areas
where illumination varies. In such cases, adaptivesveo ns o f Ot suds
instead be used to accommodate fh@9]. Adaptive thresholding applies a different
threshold to each locatgion of the image. This prevents errors identifying phases in
regions of the image that are lighter or darker than average in the image. However,
dark artefacts in one region of an image are more likely to cause issues in adaptive
thresholding techniques® these should only be used when necessary. For the purposes
of microstructural analysis, it is often best to use global thresholding techniques for
SEM images, where intensity variations are greater, and adaptive methods for OM

images, where lighting imnsistencies are more commas illustrated ifrigure5.12.
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d)

c)

f)

Figure 5.12 Phase separation in SEM and OM images where a) OM image, |

e)

c) and d) show the global thresholding of each image and e) and

SEM image

show the adaptive thresholding of each image
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Due to noise in the imagessangle grain may contain some pixels marked as alpha
and some that are marked as patcan be observedkingure5.12f). A threshold,

tg, is set ® determine if a segmented region belongs to the alpha or beta phase based
on the percentage of pixels in the segmented region belonging to that phase. If set too
low, then beta phase regions may be misidentified as alpha grains. If set too high, then
somegrains would be ignored from measurements. There may not exist anyideal
where all alpha grains are identified, and all beta phase regions are discounted. For the
analysis of titanium microstructures, it is generally best to set this threshold high for
grain sizemeasurements as measuring fewer grains is preferable to measuring grains
incorrectly, as existing standards only require a subset of grains to be meg8jred
Indeed, in existing standards it is already normal to measure only a randomly sampled

subset of grains in each microstructure.

In bi-modal microstructures, course alpha platelets exist alonggieoximately
globular alpha grains. The technique proposed in this chapter is not capable of reliably
measuring these platelalse to the ovesegmentation issues shownHigure5.13,

therefore, these should not be measured.

a) b)

Figure 5.13. Example of segmentation of fine platelets usm the proposed
segmentation algorithmwhere a) is original image containing platelets and b

is a segmentation which includes platelets

A method for identifying phase differences based on grain shape is presented in
Chapter 6 and provides the masturate method of performing this taGkain shape
information is obtained using during the platelet analysis techniques in Chapter 6
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which would allowfine platelets to be removed from further analysiswever,this

IS a more computationallyexpensiveprocedure than the segmentation algorithm
described in the current chapter so it is not efficient to use this approach, unless also
measuring platelet#\ more efficient procedure is to perform a morphological opening
[24] on the segmented image by a disk shapedf radius larger than the estimated
maximum width of plateletswp. This will not extract meaningful platelet
measurements but wilfilter out these platelets sufficiently accurately so that
measurements exclusively of approximately globular alpha can be pdodMbée

this is likely to cause some distortion to graoundaries it will typically have minimal

effect on segmentation results. The paramegean be sedutomaticallyaccording to

the minimum grain size expected in the image.

5.5.2Region merging

A postprocessing procedure is proposed to reduce-segmentabn errors by
merging adjacent regions, whose properties suggest they belong to the same feature.
Similar approaches have been applied successfully in other image segmentation
technique$83]i [85].

The proposed technique makes use of a region adjacency|[@fd&jtio control the
merging of regions. This is a grap®, MO , where each vertex), is a region of

the image and edge®O w ), connect vertices only when the regions share a

common boundary, as illustratedrigure5.14 a) with vertices in blue and edges in

green.
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a) b) C)

Figure 5.14 Merging over-segmented regions using a region adjacency graf.
where a) is the region adjacency graph overlay on a segmented image, b) is
edges between regions belonging to theame grain and c) is the new

segmentation

For each edge, a weighit, , is typically computed based on the similarity of the
regions (vertices) it connects. When the weight of this edge exceeds a predetermined
threshold, edges are removed from the graph such that only edges between similar
regions remain, as shownhigure5.14 b). Any internal boundaries between regions
connected by an edge are then removed and the encapsulated region is categorised as

a single grain. fie updated segmentation is showikigure5.14 c).

Determining suitable edge weights and merging thresholds is critical to the success of
the proposedegion merging method. The more accurately the properties of objects
can be predicted in advance, the more precisely these parameters can be set and the
more effective this technique is. In microstructural analysis, it is often difficult to
predict grainproperties and, therefore, selection of these weights and thresholds is
difficult. As a result, 3 separate weights and thresholds are defined to enable a robust

examination of which regions should be merged.
Edge weights are based on; the length of boriesl@, the mean intensity of pixels
in the region;Q and region siz€)8The first weight0 p — is, for two

adjacent grainsvith boundary lengthB; andB;, the percentage of the boundary of the
smallerof the twograirs that is a common boundary,, with the adjacent grain. The

second weight) ¢ ‘O "Qis the difference in intensity between each grain. The
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third weight0 o | E TYRY , is the size of the smaller of the two regions. The
mean diamedtr of the regions is used as the size measurement in this case, however,
other metrics could also potentially be usdthree distincttresholds]YRYR'Y, are

then used to judge each of these weights and the mergé késtpositive when
regionsshould mergeThis approachdiffers from the existing literature where the
accepted convention is to split-merge such graphs based on a single edge weight
that is calculated based on all specific properties. However, while that approach has
good geneilgy, combining the three weights proposed here into a single weight does
not make sense for grain segmentation. The reason for this is that it would allow strong
similarity in one aspect to negate dissimilarity in anotherhaving a very similar
intersity would lower the edge weight and allow the merging of grains with longer
shared boundaries. This is not believed to be desirable for alpha grain segmentation
with the preference being forwell-definedset of rules that can be easily tailored
based onknowledge of the microstructure. This can be achieved far easier with
separate weights and thresholds théth a combined weightY should be set as the
maximum amount of boundary that is expected to be shared between ¢faeias

the maximumntensity difference expected between regions of the same grailf and
set as the smallest possible grain size expected in the microstructure. Regions are set
to merge either when one region is very small, indicating it is probably caused by an
artefact,or when regions share both a large common boundary and a similar intensity.
This is shown in Equatiofb.2).

pQEp YA 0c  Yéibo Y (5.2)
m £®RI 0 Q0

Defining an optimal set of thresholds for the merging procedures is difficult as it
depends on knowledge of the images under study. In order for the methods to be
applicable to a wide range of microstructures, this ineisised sparingly by correcting

only the most obvious errors.In cases where more specific properties of
microstructural features are known in advance, a more extensive merging criterion

could be used to obtain more accurate results.
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5.5.3Region Splitting

In addition to the ovesegmentation errors addressed so far in this chapgealso
possible that undesegmentation errorsan occur, due to the incorrect merging of
regions or misidentification of markers. To alleviate this, an additional splittirigeof t
segmented regions, based on their shape, is proposed. This method takes the
segmentation resylafter any region mergings an input function and splits regions
where significant concavities exist in the boundaries of an object. This same property
was previously used to aid the computation of the markers to use in the Watershed
Transform. However, at that stage there was less information available as only the
shape of boundaries that could be located using edge detection could be assessed,
which typicdly does not represent the complete boundary. By repeating a similar
operation as a pogtrocessing step, a more complete estimate of the boundaries,
provided by the new segmentation algorithm, could be used to locate extra boundaries
that are missed by ¥tershed TransfornThe distance transform is used to study the
shape and size of segmented regi®egions in the centre of segmented regions will
therefore have high values while regions towards the edge of the region will have
lower values. Asthedit ance transform returns a f0o0
segmentation, each region has its own separate topography. For regions with smooth
boundaries of approximately elliptical shape then only 1 peak will exist. However, if
there are any concdigs in the boundary then multiple peaks will exist with valleys
between these peaks representing a region where a boundary should be, as illustrated
in Figure5.15c¢).
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Figure 5.15: Use of distance transform to split already segmented regions whe

a) original segment at i on, distarce ttansfiora iofy
Useg, d) inverse of di st a-maxama and § nes
segmentation

A fast and efficient way to split these regions is to perform a second Watershed
Transform, this time using the distance transform of thedegtnented result as the

topographic function, rather than the original gradient im@geconcepif applying
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successivéVatershed Transformisas previousljpeen explored through the idea of
hierarchicalWatershed Transform{d11]. However, theraditional approach to this

uses successiveWatershed Transforms to reduce oesegmentation, while the
technique proposed here aims to further segment the image based on new information
extracted by our algorithmSuitable marketsfor the second Watershed Transform
used in the splitting functiomre computed by applyingmhaximasuppression of the
distance transformapplied to the segmented results, identify only the most
significantmaxima to be used as markers, aBigure5.15. As the technique uses the
h-minima of the distance transform clearly there will always exist -aminfima
threshold where the segmentation result is not changed. Theoretically this means if
this parameter is firuned it could be guaranteed that this method at least does not
make segmentation worse. However, this would not be a practical application as the
segmentation algorithm would be less automated. Instead a single parameter is set
empirically which is used for all microstructures. The topographic suttadee
segmented is further modified by setting the height of the surface to the maximum
height ofthe image in all locations where a boundary exists in the initial segmentation.
This preserves all of the initially detected boundaries so that the additional function
can only split existing grains. The result of applying this to an incorrectly segmented
region is shown ifrigure5.15.

Generally, aggregated measurements are more accurate whesegwemtation and
undersegmentation are balanced. &gsentation algorithms based on the Watershed
Transformtend tooversegment a pogirocessing procedure that increases image
segmentation may not improve results, eveih fixes genuine errorgs the type of

error may become imbalancetherefore, this stage of the algorithm is considered
optional and can be applied to the image as required by a user. This is explored in more
detail in Sectior8.2.5.1
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After phase separation, each grain is represented by a single group of pixels where each
pixel is adjacent to at least one other pixel in the group. This configuration is called a
connected component (CC) and several technigaes been defined to measure their

propertie§112]. Measurements dhe lengthL, and width W, for each graimare taken
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by computing an ellipse that has the same normalised second central masnibets
region This ensures that the length and width measurements are taken perpendicular to
each other to give the best estimate of grain $izese values are used to compute the

mean grain sizeGm, and globular volume fractiony, usingEquationg5.3) and(5.4)

whereNg is the number of gras measured.

0 (5.3)

)
B P 'Q'%J_ S
Tt 8 i 0QI Q (54)
0]
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In this chapter a novel segmentation algorithm has been proposed and presented. The
algorithm is designed specifically to be able to segment globular alpha grains in
titanium microstructures, something that cannot currently be achieved successfully
using &isting approaches that have been presented in the academic literature. More
generally, the proposed method provides a robust approach for segmenting images
where the objects of interest are touching, clustered, not necessarily distinguishable by
intensityor shape alone and where images are corrupted by various forms of noise. By
combining several preand post processing steps, the Marker Based Watershed
Transform is used to achieve superior segmentation results than would normally be
expected from thigansform.Thisis demonstrated empirically in Chapter 8 where the
results of applying the proposed algorithrmateariety of microstructural datashich

present significant segmentation challenges shown.

In terms of contributions, the segmentatioigoathm described in this chapter
provides a novel marker computation technique, that is crucial to preventing over

segmentation issues. Additionally, the appropriate use of techniques suzh as
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specialisedegion mergingorocedureand the hior-misstransfom [26] to improve

segmentation imicrostructural images is described.

The proposed algorithm includes several parameters that can be altered. While the
need to set parameters in segmentation algorithms can sometimes make their use more
challenging, the number of different stages andsriiehe proposed approach means

that in most cases limited changes to these parameters need to be made. Chapter 7
presents the implementation of the proposed algorithm within a software package. It
is demonstrated that through this software, the parasyether than making this
algorithm difficult to apply, in fact allow easy, intuitive control of segmentation
results. In Chapter 8 a complete validation of the method presented in this chapter is
provided. This includes comparisons with existing, stét#he-art microstructural
analysis tools and image processing methods which have been presented in the

literature.

Figure 5.16. Examples of the CGSA on datasets from other fields where) ¢
image of muscle fibre in human tissue, b) segmentation of each fibre, c) ima

of spherical particles and d) segmentation of each partici@6]

It is also believed that robustness of this algorithm will provide good generalisation to
the segmentation of images from different applications outside of the titanium
microstructural analysis considered here. Very recent work has cited the published
verson of the new algorithnil07], [113J [116] on work on different datasets. While

none of these authors applied the CGSA directly, several authors use some of steps of

this algorithm as part of their own bespoke analysis procedrE3]i [115].
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Comprehensive trials of the CSGA on different datasets from other applications is
interesting but is outside the scope of this thesis. Instbaéfademonstration of this
algorithm applied to a few images from different fields is providdéigure5.16.
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6 MORPHOL OGI CAL
ANALYSI S OF ALPH¢/
PLATELETS

This chapter describes techniques for analysing thin elongated structures within
images, specifically platelets in titanium microstructures. The gerpd this is to
provide a method to analyse microstructures that contain thin platelets that cannot be
properlymeasuredising segmentation techniqussch as those proposed in Chapter

5 of this thesis.

The fundamental approach is not to try and segmentidual platelets but to extract
information about the size and shape of image features directly. This is achieved by
fitting a set of artificiallinear structures to the image and analysing how well each one
fits within platelets. In the review of eent literature in Chapter 4, several promising
procedures were identified that attempted to measure the width and orientation of
structures in this waydowever none of these techniques provided a complete solution
for microstructural analysis, as theoppsed methods are not robust enough to deal
with the wide variations in the size and aspect ratio of alpha plat@letssommon
reason for this weakness is that some methods measure width without considering
orientation[11] and others measures orientation without consideriagv63]. The
technique described in this chapter resolves such issues by measuringamdd
orientation simultaneously using the same technique, so that information about one
property can guide measurements of the offfes simultaneous approach also allows
shapeinformationto be extracted from the same dafa.achieve this the propate
method creates a set of SEs of various combinations of length and orientation which
are used to probe the image via a morphological opening. The value of each opening

describes how well each SE fits each structure in the inddgef the information
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gerer ated by this technique is stored by m
3D orientation space called the Feature Length Orientation Space (FL@E)e

recent applications dhe orientation spade materials analysis assign binary values

in this spacg63], the method in this chapter instead maps the largest fitting SE to each
element in the array. As a resulgnations in the orientation and location domain of

this space allow a range information about the size, morphology and orientation of
image features to be extracté&dhally, a separate algorithm is proposed to locate an
measure platelet colonies using this new daféowchart showing the interconnected

steps in the platelet analysis algorithm is provideligure6.1.

Colony
identification
Inputimage algorithm

Morphological opening
—>|  using variable length
structure element

Phase
separation

Build the Feature Length
Orientation Space

Results

Extract required
measurement

Figure 6.1: Flowchart of morphological platelet analysis techniques

In this thesis, all orientation measurements are reported in degragsrcclockwise

from the positivehorizontalaxis.

613 EAPA EEOOEIT ¢ OOEI C | AOEAI AOE
Fundamentally the techniques described in this chapter extract information by testing

an image against a predefined set of objects and finding at sikeshand orientation

of object that best match those in the image. A variety of technj§0gg63] which

attempt to extract information using this approach have been described in Chapter 3.
These techniquegxploit bols from mathematical morphologyvhich offer an

effective way to measure how well these test objctvithin features of an image.

From this point on the test objects are referred to as SEs, for consistency with existing
literature and to avd confusion with the objects in the image which are measured.

Mathematical morphologis a family of techniques that includes a range of methods
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for analysing spatial structures in imagbseful to this chapter are morphological
techniques based on $leeory which take a predefined region, known &&aB, and

probe each point in an image to find locations wiifis or hits the foreground of

the image. TheSE must have a designated origin pixel but otherwise can be any
arbitrary shape and size. The output of morphological operators is determined by the
image content and the shape and sizB.ofl herefore, a set GEs of different sizes

and morphologies carehused to determine the size and morphology of image content

by applying morphol ogical operator s. I n 1
and closing, a, are wused. As is mrovidedd ent e d e
Chapter 3What is imporant to recall here is the effect each operation has on the value

of pixels in the output image relative to those in the input image.

Both the opening and closing operations will return a complete image. Each pixel in

the output image will have a value msponding to either the maximum or minimum

valuein the neighbouring area defined by a SE with its origin at the pixel. For example,
given a binary i mage, then an opening wi
location where the SkEould overlap thapoint and still fit entirely in the image

foregroind. This means that by performing multiple openings with different
structuring elements it is possible to determine which bests fits the foreground at each

pixel in the imageThe application of this to mea® the orientation and dimensions

of elongated structures such as alpha platelets is described in Section 6.2 and 6.3 of
this thesis. As the closing is the dual operator of the opening, this would aatnithea

way except SEs are fitted to the backgrai, s uch t he apgpeafii®tbe wo ul
output image for a pixel location where the SE could overlap that pixel and still fit in

the background. In the microstructural analysis application studied in this thesis, there

is no interest in reporting sucheasurement of the background regioa, the beta

phase. However, this closing is useful for assessing the distance and organisation of
adjacent alpha platelets. An application of this to identify and measure colonies of
these platelets is given in Sexti6.5.
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Techniques are proposed in existing literat(48], [62], [63] to measure the
orientation of thinelongated objects in images using rotational, lirgs. It is also
demonstrated that this information can then be used to identify groups of parallel
structureg63]. This approach has great potential for use in a microstructural analysis
procedure to measure the orientation of alpha platelets and size of colonies in titanium
microstructues. The most relevant implementation of this method is work by Borocco

et al.[63] on measuring graphene plans. In this technique, the orientation of an object
is measured by finding the orientation of a lin8&that fits within that object. A set

of SE, By, are defined wherd is the orientation of any given SE in the set and each
SE is 1pixel wide and is of length,. To ensurd fits the objects at only the correct
orientation,L is fixed at a length greater than the expected width of all objects in the
data but less than the expected smallest length of objects to be analysed. An illustration

of this approach is shown Figure6.2.

miss

miss

fit

Figure 6.2 Example of measurement using rotational SEwhere a grey
el ongated object in an i mage i s me
line indicates an SE at an orientation that fits and the red line indicates SEs
orientations that do not fit. In this case the orientation of the green line is take

to be the orientation of the original object.

The range of orientationsl, of SEs $1ould be betwee®-180°, to account for all

possible orientations. The step size between each orientatidefines the maximum
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accuracy of measurement.3=10°, then— p ft 18 p Y Twith 0° ignored as this

is equivalent to 180°. As a result, all me@snents will inherently have a quantisation
error of up to +5° in this example Theoretically, any step size can be used, so the
potential accuracy could be improved by redu@adgiowever, reducing the step size
increases the number of SEs to be evaluated, which in turn increases computation time.
Longer SEs can alscenable more accurate resulpgovided they will still fit image

data For example, itvhenL=3, it is impossibled differentiate between 40° and 50°

in a 2D Cartesiarspace. This occurs as there is only enough resolution to fit the line

in 4 locations (0°, 45°, 90° and 135°), therefore, a 40° and 50° line would both be best
measured by the 45° SEo determine whiclerientation of e&SEfits each object in a
given i mage, a mor phol dbyeackbE Bgdscemputen.g, o
Orientation measurements are recorded in a transform of the iBBagkere each

pixel, X, is set as the orientation Bf which returns the highest opening value at that
pixel, as shown iEquation(6.1). If multiple orientations give the same opening value

only the firstorientation is used.
%o AdJC N A (6.1)

E can be visualised using a colourmap where each colour corresponds to the pixel

value as shown iRigure6.3.

a) b)

Figure 6.3: lllustration of orientation measurement from rotational SE where

each colour indicates a unique orientation

This approach is shown to be effective at measuring the orientation values of thin
elongated structures without the need to segment individual platelets. As
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measurements are based on the opening, each pixel that coincides @ithtaebest

fits the obgct will normally be assigned the same orientation valde iFhis means

that orientation measurements within each object are relatively consistent, which is
crucial for many material science applications, such as grouping platelets to measure
colonies. Hwever, the method is not robustough for titanium microstructureso

shape information is obtained by this methods which means fanobal
microstructures, shown iRigure 6.3, meaningless measurements are often returned
for pixels within the globular graindéts reliability isalsolargely dependent upon the
relationship betweeh and the dimensions of each object to be analysed in a given
image.In other work implementing this method, such as the measurement of graphene
plans presented by Boroceo al. [63] this is not an issue as the width of objects is
very consistent, however, the same is not always true for titanium allbis.is
illustrated inFigure6.4 which shows measurement accuracy for diffetewalues for

synthetic binary images containing elongated objects.

a) b)

Figure 6.4: Example of application of existing method where a) is an imag
(1000x1000) of elongated objects of the same dimensions and b) is a grapr

measurement accuracy for various lengths of SE

Accuracy is defined in this example as the percentage of pixels in the image for which
the measured orientation is equal to the orientation at which these objects were drawn
(90°). Extremely low accuracy is obtained wheis fixed very long or short refiae

to the length and width of the objects Bawither fits at every orientation or none. An

optimumL value exists, which in this case is wh&sits all objects in the image at
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