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SUMMARY

Integration of material composition, microstructure, and mechanical properties with geometry
information enables many product development activities, including design, analysis, and
manufacturing. To address such needs, models of material composition have been integrated
into CAD systems, creating systems called heterogeneous CAD modeling. In order to thgpport
heterogeneous CAD system, extensive proetsgctureproperty relationships have to be
captured and integrated into current CAD system. A new method for reverse engineering of
materials will be presented such that microstructure models can be cartsluand used in the

heterogeneous CAD system.

Reverse engineering of material consists of three parts: image analysis, strpobymerty-
process relationship, and repository. In this research, an image processing method, which
comprises the Radon transfo and the wavelet transform, will be used in order to recognize
geometric features from a microstructure image. Recognizing geometric features can be
obtained by combinations of three techniques, masking, clustering, and high frequency
component on wavele transform, that are integrated with the Radon transform. Then,
recognized geometric features can be used to construct an explicit geometric model of
microstructure. The proposed work will provide an explicit mathematical method to recognize
and to quantfy microstructure features from an image. In addition, explicit geometric models of
microstructure can be automatically constructed and utilized to get effective mechanical
properties, establishing structuseroperty relationship of the material. In ordés demonstrate

this, polymer nanecomposite sample and metal alloy sample will be used.

XVi



CHAPTER 1
INTRODUCTION

1.1 Geometry Representation in CAD

Ly GKS SINIeé wmdocnar | NB@2ftdziAz2ylI NE O2YLlziSN

program introduceda novel method of humagomputer interaction using computer graphic.
Since then, a computaaided design program is rapidly developed, assisting product design
process. The process covers frahe design stage to the fabrication stage. These activities
indude manufacturing planning, fabrication, product performance analysis, and manufacturing
process simulations. The parametric representation is the type of geometric models that are
used in CAD system. Parametric equations use coordinates of the pofaotscdiens of variables

to represent curve. Additionally, explicit geometric models for linear and conic geometry are
used to model complicated geometry. An explicit geometric model indicates a geometric
modeling represented as an explicit equation. It dendirectly used in CAD system to model
geometric features or can be converted to a parametric fokhast CAD programs have been
built upon a surface modeling paradigm where a solid object is defined as an object enclosed by

a set of discrete boundarieshit isknownas Boundary Representation or Brep.

Material composition and microstructure play important roles in mechanical properties.
However, the current CAD system has limitation to represent multiple materials with a modeling

part. This fundamentallimits for a designer to use only one material for an entire part.

1.2 Heterogeneous CAD system
For many years, practitioners in the additive manufacturing (AM) industry have cited the lack of

suitable engineering materials as a major challenge. Others twtelarge variability and

1



unpredictability of mechanical properties in AM processed materials. Compided design
(CAD) tools that integrate material information with geometry would address these issues.
Furthermore, the capability of deriving mecheal properties from the material and geometry
information would greatly aid part design and engineerjifhy Models of material composition

and geometry are integrated e newCADsystem called heterogeneous CAD system.

Heterogeneous CAD modeling integrates parameters related material composition,
microstructure, and mechanical properties with geometry informationso doing it supports
many product development activities, includirdesign, analysis, and manufacturing. However,
in existing methodsthe distribution of material compositions modeled parametrically using
volume fraction. This approach foses on macrescale part models, while neglectinte
microstructure of themodels Furthermore, such material composition models only represent
the designer's desire or specification, but the physical behawbrthe actual materialsare
needed to berecognized.To deal with this problemdevelopinga heterogeneous CAD system,
which supports integration of microscopic material models into CAD modelsedsming

important.

1.3 Structure -property relationship of microstructure

In order to support theheterogeneousCAD system, extensive procesgicture-property
relationships have tde captured and integrated intourrent CAD systensuch as CATIA and
ProEngineer.The relationships will allow detailed compositions of actual material be
captured.In order todo this structureproperty relationshipg at the micro scaleare the focusof
this research A new method for reverse engineering of materidts presentedsuch that
microstructure moded can be constructed and used as CAD representatiton support

heterogeneous part modelingrigure2 schematicallyshows the method for reverse engineering



of material. A material sample is sliced and imaged at appropriate resolutions to captaure
geometric featurs of its microstructure.This isdefined as the structurerepresented by lines,
angles, curves, andther geometric primitives. Those geometric features egtated to each
other, ofthe prepared surface of materialsampleat the microscopic level. For example, fibers

are representedas simple lines or cylindes, as shown irFigurela. Figurelb also shows that
grain boundaries can be expressed by the lines with different angles. The geometric structure
can evenbe illustrated by irregular shapes such as small elliptical shagmnvex set or non

convex setof shape objects, as shownhigurelc.

Capturing thee geometric featurs from a microstructure image enables structupoperty
relationshipsto be constructedat the desired level of scale. Befoperformingimage analysis,

one specifies material compositions (i.e., which colors or shades correspond to which materials).
An image processing techniques performed to extract the geometry of material's
microstructure (e.g., grain or particle size, shape, orientation) tancbrrelate it with material
compositions. In order to obtain structwugroperty relationships, the extracted geometry
features areritegratedinto CAD systemd®y constructinga microstructure modelthe effective
mechanical propertieof microstructure (e.g., Poisson's ratio, elastic modulus etc.) can be
calculated. Therefore, structuggroperty relationships are established. As autgone will have

the ability to construct heterogeneous models of materials that can be integrated into CAD

system and used for mechanical part design.
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c. Irregular shape of
microstructure

a. Nano scale fiber b. Grain boundary

Figurel. Geometric feature of microstructure

Part-
Material
Design

Examples
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Figure2. Proposed reverse engineering of material process

1.4 Scope of the research

The principal goabf this dissertation is the development of methods to construct structure

property relationship of microstructure fa heterogeneous CAD system. The principal research

goal is to be achieved by two sgals shown inFigure2 step A 1) To extract the geometric

features from microstructure image using image processeahniques, and 2) To construct

4



grain boundaries using extracted geometric feature from previous. gpachieving two sub
goals,the structureproperty relationshipof microstructurecan beestablishedshown inFigure

2 step B.As shown inFigure2 step C, sucture-property relationshig of each material are
determined and storedn repository of the Heterogeneous CAD systérhis research will
propose a method to completéhe goal, focusing on the specific microstructure, such as 2D
polymer composite with fiber shown iRigurel a, 2D and 3D grain boundaries of metal alloy
shown inFigurel b. Furthermore, this research recognizes geometric entities in the image and
connects these entities in order to construct grains with explicit geometric mddbkeanaterial
microstructure. Then, this research will demonstrate that it is possible to compute effective
mechanical properties by applyingaterial properties.By accomplishing thishe processwill

help to establistihe heterogeneous CAD system, whiepresents both geometry and property
Therefore, this CAD systeznables designers to have much larger degree of freedaimeiC AD

systems.

This researcluses reverse engineerirfigr microstructure models. Theicrostructure idifficult
to test its mechanical property directlgifferent. Due to the size of the microstructure model,
properties of microstructureare difficult to define directly, so reverse engineering aids to
estimate properties of microstructure depending on its structure. In this reseatep A in
Figure2 will be extensivelyinvestigated in this researclResult of the step A will be used as an

input of step B to validate structusproperty relationship.



1.5 Research focus in the dissertation

1.5.1 Research qguestions and hypothesis in the dissertation

Research Question 1

z (Mm)

¥ (m) x(m

3D voxel dataset of 2D slice through dataset Applying method: surfacelet
microstructure

Recognized line segment Constructedgrain boundaries ~ Obtain mechanicalproperties

Research Question 2

Figure3. Overall research step

The research question 1 is

oCan an entire geometric feature in the microstructure image be extracted as an

explicit geometric model using the surfacelet methad?

Current CAD system uses explg#ometricrepresentation for modeling. In order to integrate
heterogeneous CAD modeling into current CAD system, extraction of geometric feature using
explicit representation form is neede®esearchyuestionl is related to extractinggeometric
features from 2D or3D image.This research question can be answered by proofing 2

hypothesesThe first hypothesis is about linegeometricfeatures.



Hypothesis 1.a0A surfacelet based methdbat includes the Radon transform can
be used to detect linear features usimginite lines for 2D images, or bounded
planes, for 3D datasets, and this can provide an explicit geormetriel ofthese

YAONR &l NHzOG dzNBE TSI (G dz2NBa d¢é

A linear feature is the simplest shape in geometric featutemgth, position and orientation
information is required to be extractedThe information can be obtainedising image
processing technique such as thedBn transform or waveletransform Ths information
allows havingexplicitgeometricfeature. Except linear featurenon-linear geometric featurevill

be extracted by proofing hypothesis 1.b.

Hypothesisl.b: Nonlinear geometry featuressuch as circteor circular ars, can

be recognized by the cylindricairfacelet based method, which can be used to
represent cylindrical singularities. Theirgtical surfacelet based method extracts
circular or cylindrical microstructure features as explicit geometry niooiel 2D

2NJ o5 RIGFaSaoe

Microstructure includes not only linear features but also #dimear features, such ascylindes
or circles. A cylindrical surfacelet based method enablagsers toextract 2D and 3D naelinear
features from the microstructure.The cylinderlet based method usesylinder shape to extract

the curvature boundary of the microstructure feature.

As shown inFigure 3, research question 2 focuses astablishingof structureproperty

relationship.

The research question 2 is



oCanthe structure-property relationship of microstructures be established using

the microstructure model from recognized geometry featurés?

In order to solve this question, the hypothesis is proposed.

oRecognized 2D linear features can be used to construct grain boundaries, which
are used to form a microstructure model of graingie Ticrostructure model will

be utilized as input to a computational engineering analysis tool so that effective
mechanical properties can be calculated. @ysuingthese processs one can

establishthe structurepropertyNB f | G A2y AKA L) 2F YA ONR &G NHzO

Integration ofmicrostructure, materiacomposition, andnechanicalproperties withgeometry
information aids many product development activitieQructure-property relationships enable

users to model heterogeneous CAD systems, which support notgeolyetry information but

also material composition. By using features extracted from research question #1, a
microstructure model can be constructed. In order to calculate the effective mechanical
propertiesof a given microstructure, the constructed microstture model will be used aan

input to a computational engineering analysis tool, such as ANSYS or NASTRAN. This process will

enable us to achieve the structuproperty relationship.



CHAPTER 2
LITERATUREREVIEW

2.1 Heterogeneous modeling

Heterogeneous material are composed of different constituent materialsit displays
continuously chanigg composition and/or microstructureThesematerids have increasingly
beenused in engineering applicationg]. Qurrent CAD systemhave limitedability to modd
heterogeneous materialfecently, several gtliesof heterogeneous material modeling systems
have been explored. Kumar and Dutpeesented a sebased approach for spatial discretization
of the solid interior by includingariations in composition along with the geometfyg]. Their
implementation was restricted to polynomial functions. Kumar and Wood propasédite
element based method for modeling and optimizing material density Hidiions using
particular design objectiveeandconstraints[4]. They proposed a method that usedaur-node
mesh and its associated interpolation functionbhe methodneeded to be improved for
describing arbitrary heterogeneous solids. In order to achieve heterogeneous modeling, some
researches used a meshfree method, which des not rely on any form of spatial
decomposition of the geometry. Wahlborg and Gantenplementedan implicit approach to
heterogeneous solid modeling {I8M) [5]. Their work used Boolean operatordo construct
heterogeneousmodek with both solid and material spacesPratap and Crawfordpresented
work that usedexisting research based on ingil procedural method$6]. Theyextended that
work in order to build a tool to design volumetric material information. HoweVeecause these
methods were focused on macsiructure, nodeling and representing the microstructure of

heterogeneous objects is beyond thesteidies



2.2 Microstructure quantification

Several reearchers investigated microstructure quantification as means of representing
microstructures for subsequent computational materials design applicatiohs. term Yécal

& 0 I nle8nSthat any specific location in the microstructure is mathematically defiae the
length scale of interest by averaging the information over all the length scales below the
selected length scale. Local state distribution codifies volume fraction information. This is the
best statistical measure of microstructure. Common metriesy., particle, pore, or grain size
distribution, etc.) can be expressed mathematically as local state distributions for potential
correlations with properties. Schmid, Casey, and Staggmposed the orientation distribution
function (ODF) using quarpole figure data[7]. They proposed a description of the
crystallographidexture of polycrystalline materials. ODF is one of the most studied local state
distributions in metal alloy for representing processing/property relationships. By using ODF,
each distinct lattice orientation can be explained as an independent local. staguantifying
microstructure, the spatial distribution of local states in the material internal structure would be
limited even if the user hddefined the local states of interest and the corresponding local state

space.

Research om-point correlatians orn-point statistics has been conducted by several researchers
like Torquato, Adams, Garmestani, and Saf®li8]. N-point correlations provide a rigorous
statistical fram&vork to define the spatial correlations of local states in the microstructure.
Since distributions on local state spaces reflect the probability density associated with finding a
specific local state of interesh, at a point selected randomly in the mistructure, they often

are termed the 3point statistics. Zooint correlations are expanded versomf the basic
concept that capture the probability density associated with finding local statexlih' at each

end of finitelength vectors thrown randomglinto a microstructure image. These correlations
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are only exactly defined over an ensemble of microstructure realizations, but can be
approximated if the ability to process many material samples is limj@dThesen-point
correlation methods seek to represent microstructures probabilistically, rather sugporting
direct microstructure feature extraction. This approach also uses indirect feature extraction and

needs further work to be represead explicitly.

2.3 Feature extraction on microstructure

An important capability in ICME is microstructure recondianc In the literature this has two
meanings: generate geometric models of spegfiins from 2D or 3D images the generation

of geometric models of microstructures that are statistically consistent with measured
microstructure characteristicsIn his paper, we will present a reverse engineering of materials
method that focuses on the first, but enables the second as well. To extract geometric features
from 2D images, Leaveasid Boyceshowedthat the Radon transform could be used to encode
the data associated with analytically defined shape primitives in the injage They developed

a convolution filter for locating featurandicative regions in transform space and an analytical
model for computing feature characteristics. Leavergproved the method for extracting

straight lines and extended the method to extract circular arcs and other criikcs

Recently, Niezgoda and Kalidindi developed size invariant Hough frameworto detect
arbitrary 3D shapgand applied the method to extract grains from 3D microstructure datasets
[9]. They generalized the concept of a Hough filter by implementing size parameters of interest,
such as diameters, in the complex phase. Although successful at recognizing some individual
grains, they did not demonstrate the extraction of grain boundariesaibgrains in a dataset,
which is our objective. Furthermore, the methbds limitation toproduce an explicit geometric

model of the microstructure.
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2.3.1 Radon transform

Several researches have been proposeethod of extracting geometry in the desired image.
Leaversand Boyceshowedthat a two-dimensional transform space could be used to encode the
data associated with analytically defined shape primitives in the image sidie They
proposed that the form of the distributions in transform space associated with the shape
primitives in image space may be deduced and used to derive convolution Witkrsvhich to
locate those distributions. Leavetsed the Radon transform to decompose a binary edge
image into its constituent shape primitives where those shape primitives are straight lines and
arcs of conic sectigill]. She proposed technique that makes explicit certain geometric
properties and spatial relations between the shape primitives which are then used tofaode

representation of shape.

2.3.2 Hough transform

Recently, Niezgoda and Kalidindi developed size invariant Hough frameworto detect
arbitrary shaps [9]. They generalize the concept of a Hough filter by implementing other
parameters of interest in the complex phase. The research focused on exploring the application

of a phasecoded generalizetlough transform.

12



CHAPTER 3
MATHEMATICALAPPROACH

This research will focus on development of methods to achieve heterogeneous CAD system. In
order to do that, an image processing method will be used. In this chaptathematical

approache®f related image procesng methodwill be explained.

3.1 Radon transform

Generally, the Radon transform is based on a function of integrals over straight lines. It is also an
integral transform whose inverse is used to reconstruct an image from medical CT[E2jans

The inverse Radon transform is used to reconstruct the original image from the sensor data
obtained during tle imaging step. Since the Radon transform is based on integrals over straight
lines, if geometric features with linear geometry exist in the object to be imaged, those linear
features can be recognized readily. This capability has been used in manytap@dioaimage

compressiorj13], image reconstructiofiL4], and feature recognitiofiL5].

TheRadon transform is defined as the line integral along eachlljne,the XY plane:

YO | QN (1)

or

nef . ROy

If a parametric model of a line is used:

bie Foode vivi-mo @
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p(u) = ((using + becog|), (-ucos| + bsiny)) (3)
whereu is the parameter along the ling, is the angle of the line, andlis its distance from the

origin. The Radon transform can be extended to three or higher dimensions. In-three

dimensional cases, the linear geometry isangl[14].

3.2 Wavelet transform

In the domain of 2D shapeepresentations, wavelets are among the most popular multi
resolution representations. Similar to Fourier analysis, wavelet analysis represents and
approximates signals (or functionsjowever, instead of sinusoidal functions in Fourier analysis,
the funcional space for wavelet analysis is decomposed based on a scaling fu @tamd a
wavelet function y(?) with the one-dimensional variablet for multi-resolution analysis.

Wavelets are sel§imilar and can be scaled up and down. More specificallywthelet function
OO0 | Tl o6 O (4)

is scaled by a scaling (dilation) factosnd translated by a translation factor Although certain

forms (e.g. Haar, Daubechies, Morlet, etc.) have been used extengi#lys actually general

and can be customized for specific problems. The most important feature of wavelets is that

they are localized in both real (time) and reciprocal (frequency) spaces due to the property of

regularity and vanishing moments. In the georiemodeling domain, the wavelet transforms

were used to describe planar curves with multiple resolutifdrG}.

3.3 Surfacelet
The surfacelet transform is a generalization of the radon transform so that the integral is

applicable to 2D curves or 3D surfaces of any shapes. The simplest surfacelet is the ridgelet
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transform, which is the 1D wavelet transform of the surface integeatiting from the Radon

transform (Ejuation2) as in Buation5 [17]:

cHwp OY | MR b O (5a)

oHwrr OY | ki Fiho O (5b)
Equation 5 can be generalized for other types of surfacelets. The surfacelet transform can be
rewritten as a general surfacelet basis function by modifyispgaEon4 as

Whal O W ipi (6)
wherer = (x,),2 is the location in the domailVin the Euclidean spacg;, /4 Ris a wavelet
function, rpp: RRA R is a surface function so thak,~(x,y,z)=0 implicitly defines a surface, with
the translation factorb and the shape parameter vectgi Rm determining the l@ation and
shape of surface singularities, respectivelyror example, e 2D ridgelet is formed by
introducing angular elemerdi [ Ointoghe wavelet function as

Whp | WOF ORET QI QETO THO OOETi QI QP (7)

The 2D ridgelet is shown schematicallyrigureda.

The 3D ridgelet represents plane singularities and is defined as

O 1 O TOD G i1 Ga OEiT (dRE] QEH &
8

wherea is rotation about the Z axi®l [ 0s,apéw angular parameter about the local X axis,
and b is a translation along the locataxis, as shown ifigure4b. Here the shape parameter
vector isp = @ ,).bSimilarly, a surfacelet that represents cylindrical singularities can be defined
as

WhRRARA T )
I wéEif CWideET T iNE QO w

L Q@b Of (an ©)
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where parameters; andr, describe the major and minor radii of the cylindrical shape.

The parameters of surfacelets can be geometrically interpreted as follow8DOFddgelets as in
Figure 4b, any point on a plan®@£¢@A 1| OO wé i widReéO EIdM ohas the same
evaluation of the wavelet functio®| 0 T . Therefore, the isosurfaces of lEiion 8 are
planes. The cylindrical surfacelet is showfrigure4c, where the isosurfaces of Eation 9 are

seen as cylinders. The 2D version of cylinderlets is shokigune4d.
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Figured4. Geometric interpretation & Surfacelet
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3.4 Summary

Image processing methods are introduced and explained mathematically in this chapter. These
approaches will be used in this research so that heterogeneous CAD system can be achieved.
The main method, the surfacelet transform,asnsised of the Radon transform and wavelets

transforms are usetb recognize feature in the image.
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CHAPTER 4
FEATURE RECOGNITIONIETHOD
FOR MICROSTRUCTUREEATURE

In order to accomplish the heterogeneous CAD systhm first requirement that needs to be
fulfilled is structureproperty relationshig. Due to the sizethe model properties of
microstructureare difficult to define directly so reverse engineeriails to estimate properties

of microstructure depending on its structure. As the first step aofeverse engineering,
geometric features ofhe microstructureneeded to be extracted from an imag€his chapter

will explain thefeature recognitionmethod using surfacelebasedmethod. In order to define
geometric featurs, one of the main research task is finding appropriate peak value from the

transformationcoefficientdomain. This will be explained in this chapter.

4.1 Feature recognition method

This research is intended to develop a new method for reverse engineeringatdrials.
Specifically, the research will be focus on the extracting both linear andimeer geometric
featuresfrom the image Both 2D and 3Dnicrostructureimages will be investigated to show
recognized geometric features, as showrFigure2 step Al. Then, microstructure model will
be constructed, which is related teigure2 step A2. The result oFigure2 step A will be used as

input information ofFigure2 step B to show structurproperty relationship.

Materials with well-defined microstructure features, such as fibers or particles, can be
recognized usin@ surfaceletmethod. A number of parameters are required in the method to
represent recognized featureBor example, linear feature like fibers can be characterized using

their position, orientation, and size@iameter and length) In a 2D image, fibers can be

18



recognized usig 2D ridgeletswhich provide orientation and location information directly. By
analyzing features of the surfacelet transform result, the rest of the information about the fiber
can be obtainedSimilarly, grain boundaries often have linear shapes anchsdbe recognized

by 2D ridgelets in 2Bnagesand by 3D ridgelets if 3D voxel datasets are analyzed.

Circular features in 2D imagmn be recognized usirZp Cylinderlet based methodBy using

this method, coordinates of the center of circular arcs a#l agradii can be recognizgdg].

As a preprocessing stepf the surfacelet based methogdradientof image isequiredin order
to facilitate recognition ofgrain boundarie in the image. Thgradientof a scalar function is
denotedn Avheren denotes the vector differential operator del. In two dimensioQartesian

coordinate system, the gradient is

T 1 Q
neE —Q —.,Q
T T w

wherei, j are the standard unit veors. For example of 2D microstructure grain imagsach
grain has same intensity valu¢he gradient of inside of grain is zero. When gradient is
calculated different two grains, it gives naero value. By calculatingyradientof an imagean
input image is rem@sented as binary image, whitiighlight grain boundaries. By doing that, it

is easy to recognize grain boundaries using the surfacelet based method.

Microstructure features can bextractedusing surfacelet representations, which are computed
by firstapplying the Radon transform arRadonlike transform to the image, to convert line or
edge singularities to point singularitie$hen, post processing of the Radon or Radike
transform will be performedThe feature recognition method is presentedHigure5, which is
step Ain Figure2. It starts from 2D image or 3D voxel domdificrostructure features can be
found computationallyusingsurfacelet representations®As shown irFigure4 surfaceletmethod

can beinterpolated as different name depends ogeometricfeatures. For example, if linear
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features are focused on the 2D image domain then 2D ridgelet method will be used. Surfacelet
method vyields explicit geometric representation of microstructure features, which allow
constructingmicrostructure modelA Constructed microstructure model is used éstablishing

structure-property relationships of microstructure.

Preprocessed 2D/3D imag|e

v

Surfacelet method
4 ™

Radon/ Radotlike
transformation

¥

Post processing of RT

o /
|

Recognize
Microstructure feature

I

Construct
Microstructure Model

|

Integrate with process
structure property mode

Figure5. Microstructure feature recognition method
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4.2 Surfacelet based method

The firstresearchquestion focuses on extractirgpometricfeature from microstructure image.

In thisresearch,geometricfeatures are classified by 4 categori@® linear, 3D linear, 2D non
linear, and 3D notinear feature. Linear features will be extracted by using ridgelet while

cylindricalsurfacelet is used to extract ndimear features.

A linear feature is the simplest shape in geometric features. Inn#€rostructure, four
parameters, length, position and orientation, can be identified by using surfacelet transform. 2D
wlkR2Yy GNIYy&aF2NY dzaS&8 H LI NFYSGSNARA P YR 03X
distance from the origin respectively. 3 microstructure, 3D ridgelet transform will be used to
extract 3D linear feature, as shownkigure4b, which uses 3 parameters. 3D ridgelet generates
3D coefficient set. In order to identify peak bright points in the 3D coefficient sets, plane

overlaying method will be used.

In order to calculate position, length, and orientation of the linear feature in 2D, it is essential to
analyze the Radon transfordomain The Radon transform is consisted witlenty of butterfly
wings overlapped each other randomly. The first taskre€ognizing geometric featuris to
recognize peak valui@ the Radon transform domain. This will be mentioned in seddié The

next step of this research is to tl¥mine parameters ofgeometricfeature using butterfly wing

in the Radon transform, which will be explainachext chapter.

4.3 Recognize peak value
In order to identify geometric features it is essential to recognize pedkevim the Radon
transform domain. In this section, the mean of recognizing peak value will be explained using

example of 2D linear case.
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2D Feature extraction can be obtained computationally using the 2D Radon transform. The 2D
Radon transform generates 2D coefficient setsslaswn inFigure6. By finding peaks in the
coefficient sets in the result ahe Radon transform geometric featureinformation can be
extracted. . Following is an algorithm for finding peak values from the Radon transform

coefficient domain.

Given: the Radon traform domaincontaining intensity values of entire image, threshold value

(th)
hdzlddzi Y KA3IK AydSyairide @ltdzSa o6hs 060

1. Calculate the first derivative on théntensity values in the Radon transform

coefficient domain The equation is

where—A & (G KS 3INI RA S y-iis tAefgratientRAbNiEQidrkhe fifst | v R
derivative of the Radon transform domain indicates the direction information where

the change of intensity values occurs at the point compared to the guevpixel.

2. Calculate the second derivative on the intensity values in the Radon transform
coefficient domain. The equation is

T 17Q
nE — H——H
T Tw

This also providethe direction ofthe slope, which is the first derivative, to define

maximum irtensity value occurs at the gradient changes sign.
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The challenge is that often a feature, such as a fibers or grain boundary, will be represented by
several of these bright points close to one another in the Radon transformed parameter space.
Thistype ofrepresentationwill be called overepresenting features. This is often observed with

f2y3 FAOSNAR 2NJ ANI AYy 062dzyRIENARSAT G662 2NJ GKNBS
values. Conversely, a single peak in the Radon transform may cordcespanore than one
microstructure feature for example, if two fibers were collineand were represented by a

single peak, this feature would bealled undefrepresented features. In order to solve these

issues, this work will apply three techniques te tRadon, Radalike, and wavelets transform in

order to can obtain linear geometric features from microstructure imagesimple 2D example

of an over and underepresented feature ishown inFigure7. In order to solve this problem

additional techniques are needed tihoose accurate peak point in the Radon transform.

2D linear microstructure features can be found computationally usliregsurfacelet method
shownin section 3In order to extract 2D linear feature, four parameters need tospecified
length, orientation, and position(x, y). These parameters caddierminedby finding peaks in
the Radon transform. Theeaks are obseed as bright points in renderings of coefficient sets,
which are the result of applyinthe Radon transformCombinations of the three techniques

mentionedbeloware used to obtain accurate results.

23



Figure6. Complicated result of the Radon transform

Under-represented Over-represented

Figure?. Simple example of an over and undezpresented feature

4.3.1 Masking

Masking is the one of the methsdhat identifies peaks, which correspond to linear featlire

the image. The distribution of the Radon or Radike transform has the appearance of a
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butterfly are only connected points forming distinct line segments in the image spdosy
exhibit a dense packing of curves around the maximum value in transform EpHc&quation

(10) is a 3 x 3 convolution mask of the form.

N

(10)

470 4
AD
40 4

RC>€

a

Figure8. Shape of butterfly wings in the Radon transforms

Equation (10) emphasizes the peak by multiplyirtg the peak value. On the other hand, the
pixels above and below the peak point will beataphasized by multiplying b2. The matrix
dimension can be expanded depending on the size of the transform coefficient matitixaor

be rotated depending on the shape of the butterfly wing. By using this mask, peaks in

transform space can be found and owepresentation can be avoided.

43.2 Clustering

If the image contains complicated geometric features, the result of the Radon tramsfan be
producedas inFigure6. Numerousbutterfly wings are rotated and overlapped. Itd#ficult to

find linear features by detecting all peak values. If sevbright spots, high peak values, are
located near one another, they can often be considered to represent one microstructure feature

(this is an example of an ovegpresented feature). These peak values will be clustered together
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using a kmeans clusterig method based on pawise distances between peaksk-mean
clustering is popular method for cluster analysis in data miifitj. This is the process of
partitioning entire peak values in the Radon transform into a small number of clugterang
the peak valus in the cluster, we take the largest value the clustering area. By using

clustering for the complicated resuthe peaks of the linear features cée chosen.

4.3.3 High frequency componerin wavelet result

The wavelet transform is one of the main transformationSurfacelet transformsrhe wavelet
transform contains both low and high frequency coefficients, which represssypectivelylow
and high resolution informationabout the image. The high resolution component contains
abundant information to extract linear featureand it emphasizes large gradients in the image
[20]. These emphasized gradients help to extract infoiorato recognize geometric features

Two factors, point singularities and large gradient, hold promise for recognizakg pe

4.4 Summary

This chapter describes feature recognitiarethod; Surfacelet basednethod, for extracting
geometric features. In generahe surfaceletbasedmethod includes the Radon or Radlike
transform followed by posprocessing ofthe Radontransfom domain. In order to help
selecting the peak value3 techniques are used as a post processing step. By using post
processing, itfacilitate to select appropriate peak valgewhich correspond to the linear
features in the image domaifor 2D case By usng the surfacelet based methodith 3
techniques geometric features can be extracted systematically and quantitatividigrefore,

the surfacelet based method provides consistent result when it runs, generating an explicit

microstructure model.
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This chapter helps to answer a research question 1, which is related to extracting linear

geometric feature.

G/ Fy Ly SYGANB 3IS2YSGNARO FSIFGdzZNB Ay (GKS

SELX AOAG 3IS2YSUNARO Y2RSt dzaAy3a GKS &adzaNF I
The surfacket based method is proposed to answer this research question. By using masking,
clustering, and high frequency component of the wavelet transform, it is possible to select

appropriate peak values, which correspond to linear feature in the image domaiail De

approaches of analyzing the result of peak value will be explained in chapter 5.
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CHAPTER 5
RESEARCH QUESTION 2D LINEARFEATURE EXTRACTION

This chapter willelaboratelyexplaintwo approaches of extracting of 2D linear featuiasthe
microstructure image. The butterfly wing approachnalyzes the Radon transform domain to
determine position and length of linear features while line overlaying methods superimposes a
line of pixels onto original microstructure imag@ther than sedcting peak value, one of the
other important research task is analyzing the peak values. In this chapter, the way of identifying
geometric features using selected peak values will be described. This chapter will use 2D linear

geometric fatures to explairiwo approaches.

5.1 Approach 1: Butterfly wing method

5.1.1 Define Angle of the Linear Feature

Determining the angle of the linegreometricfeature is illustrated with a simple example of a

fiber ¢reinforced composition materiakigure9a shows the sample microstructure, with vertical

and horizontal fiberspaced100>m apart.¢ KS & dzZNF I OSt S GNFX yaF2N)X Aa
image. The Radon transform of the microstructuesults in four sets of nemero coefficients,

as four bright spots shown irrigure 9b, which illustrates the efficiency of surfacelet
representation for microstruetres with linear elementsingle of he four fibers fromFigure9a

FNBE ARSYGATASR o® O286FA¥pOOSydaafnwd 6dbnIpnos
correspond to the angles of 0 and 90 degrees, while the b values correspond to the positions of

the fibers. Using the Radon transform, it is possible to recogrigée of the fibers in the image.
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Figure9. Simple synthetic fibereinforced microstructure and surfacelet representations

5.1.2 Define Length/Position of théinear feature

Consider the linear microstructure feature shownHRigure10. The Radon transform of the
linear feature can be illustrated usifiggurell>s g KSNB * Aa (GKS y3atsS 27

isa + 90 degrees), and the linear feature is represented by the perpendicular line to the linear

FSFEGdzZNB |G + RAAGEFYOSS 03 ,Tepdsthts th ot afNfleI A Yy |
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the Radon transform would give two displacement valurgnd by,, which are the foot of the
perpendicular from the origin to the lines 1 and 2 that pass through the linestufe end

points, Q and R. As shown kigurel0, the cross points of the line 1, 2 and the linear feature

YE1S | NRAIKG GNRFYyIES 6 knbewikpiessedtak @uaioBIl I K 2 F (K
13 ® O (11)

. @ dzaAy3 k " FYR KSAIKG 2F | NARIKG GNRFy3AESx: f
aQENQOL 2 1 FOEN (12)
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Figurel0. Schematic of linear featuref characterization

Based on the research conducted by Leaver and Bdfieeposition of line segment along its
Fy3atS 3 OF y[10h $he Ri&yih SN AcohBithuting point from the foot of the

perpendicularp, is as follows:

n oo (13)

where fan(¢) is the slope of a bounding curve of the butterfly wing as showRigure11b.

Therefore, we obtain the lengths of the linear lineg and0 'Y

R 00, O0ME KRR  O'Y 0 OF (14)
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Having foundp: and p., the linear feature lengthcan be computed as the sum of these

guantities:

Length=p1 +p2 (25

A oo +A angle angle

(a) Cross points of butterfly wings (b) slope of butterfly wings
Figurell. Thebutterfly wing of the Radontransforms

5.1.3 Butterfly wing analysis

When we deal with simple linear feature, defining parameters of linear feature is
straightforward. However if an image contains complicated geometric features, the Radon
transform produces worganized overlapped butterfly wings. This impedes to identifyss
points of butterfly wings, Q, R, U and W showrFigurell a. This section explainsow to

isolate butterfly wings using peak values in the complicated Ra@msformdomain.

5.1.3.1 Terminology
1 Alpha {): angle parameter,-axis on the Radon transform domain
1 Angle step i : distance between peak point and edge of the butterfly wing
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1 Bindex (b): distance parametersakis on the Radon transform domain
1 Segment parametr (Wb): number of pixels that searches cross points of the butterfly
wing. Vertically arrayed pixels gt h The segment parameter adignedath 5 jarid it

searches edge of the butterfly wing.

5.1.3.2 Cross point of the butterfly wing

In order to find out cross points of the butterfly wing, showrFigurell a, correct peak values

need to be selected. Proposed techniques in section 5.2 enabledmsehaccurate peak values
in the complicated Radon transform domaifhen user takes small number of pixels from-pre
selected peak valuely, b) in xaxis direction, which iz . Bs shown irFigure12, red dot

represents peak value in the butterfly wing, and yellow dots represdfsiet value from the

peak value, 0+ ,B) and 0-p ,Bb).

(di stanc:

Figurel2 Angle step in the butterfly wingand offset value (yellow dot)
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Since the Radotransform has abundantoverlapped butterfly wingsit would be better to
seard around the offset valueyéllow doi for identifying cross points of the butterfly winn

order to do that, several pixels are vertically taken from the offset value, yellow dot. These
pixels are calledegmentparameter;qb. Segment parameters atackedfrom the offsetvalue

to both upand down direction2xqb) as shown irFigurel3. This range reduces search area to
find cross point of the butterfly wingrhen, find maximum value in the rangeterminedin
previousstep (2xgb). A threshold value is set as some perceg@af the maximum value (e.g.
0.8*max(2xgb)). Next, all pixels with a magnitude greater than this threshold value are
extracted. The extracted range is callé@efined Range as shown irFigure14. Both ends of

the defined range indicate cross point of the butterfly wing and by obtaining those

reconstructed line segment can be calculated.

(di st a

a(angl

Figurel3. Find broad rangeising segment parametenb.
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(di stan:

Figureld. Determine Defined Rangaesing peak threshold

5.2 Approach 2: Line overlaying method

ta Iy FEGSNYyFGAGS (2 GKS aGodziGdSNFte gAy3IéE |yl f
to extract line segments from images, given peaks recognized in the Radon transform.
Conceptually, the line overlay methodsisnilar to the Radon transform in that a line of pixels is
superimposed on the original image and used to extract line segments from the image. The line

of pixels corresponds to one of the Radon transform lines; lime, L inFigure4 a which

O 2 NNXE a LJ2 v, B dair {ihat islseledted for each peak. The steps of the method are as

follows:

DAGBSYY , b), alg@&y §caledthresholdhj, a maximum gapg@pms), and a

minimum line segment lengthyin.
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Find: all line segments consisting of image pixels brighter thaalong the line
02 NNXE a LJ2 yiiRtha! iF at ledstn,dohg and that can span gaps of no more than

gapmaxwide.

1. Gnerate alineof i St & O22NRAYI GS& G ob
2. Ktract pixel values from the image along those pixel coordinates.
3. Etract pixel coordinates which have intensity values greater than

4. Divide the extracted pixel coordinates into line segments that span gapsrgerla

than gapmax.

5. Keep each line segment that is at leds# long.

5.3 Comparison of two approaches

Linear features are recognized by two different approaches, butterfly wing method and line
overlaying method. Those two approaches ugeRadon transfan, 2) Radon transform with
masking, 3) Radon transform with high frequency component of the wavelet transfoander

to extract geometric featuresln order to chooseappropriate peak valuesn the coefficient

matrix, clustering technique is used.

Three combinations dbutterfly wing method provide calculated lengthnd positions of linear
features, which are reasonably close to those from the original image. Angles of the linear
features are recognized accurately, while length and position areaeed with small errors.
This is because the length and position calculation of linear features highly depends on
accurately identifying the cross points of the butterfly wings in the Radon transform, which can

be difficult in complex Radon transforms afied noisy images. In addition, the limited resolution
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of Radon transforms causes the points U, W, Q, and Rigare 11 to be identified with

significant error in sme cases.

The line overlayng method also uses three techniques so that it calculates length, position and
angle of the linear featuresThe line overlaying methoavorks somewhat better than the
surfacelet based methoda terms of accuracy of length amasition of the linear featuresThe
same peak finding method used; however, by overlaying Radon lines on the imag#rattly
2PSNI I ea (KSb) InfSrmdtion @mtd theSorigindl image so that the lengths and
positions can be calcaed eady by finding the whitepixels (linear features) in the original

image.

5.4 Summary

This chapter completes how to recognize geometric feature in 2D image domain. Orientation,
position, and length of 2D linear geometric features are determined by using proposed
approaches butterfly wing method and line overlaying methodncluding chapter 4 and 5,

research question 1 can be answered, which is related to extracting linear geometric feature.

G/ Fy 'y SYGANBE 3IS2YSUNRO 7FSextadsdny GKS

SELX AOAG 3IS2YSGNARO Y2RSt dzaAy3a (GKS &dzNFI

The surfacelet based method jsoposed to answer this research questiddy using masking,
clustering, and high frequency component of the wavelet transform, it is possible to select
appropriate peak values, which correspond to linear feature in the image domain (chapter 4).
Then, analyzing peak values using 2 approacheswvalloecognizing geometric feature
completely (chapter 5)Therefore, the surfacelet based method allows extracting explicit

geometric model of microstructure.
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CHAPTER 6
RESULTSOFRECOGNITION OF 2D NEAR FEATURE

In this section, the results of recognition of tf#D microstructure linear feature will be
described The proposed method are used to extract geometric featuredn order to
demonstrate the capability of the proposed method, CalciBhosphate Fiber, IN100 metal
alloy, and Titanium Allogxamplesare used which include linear geometric features as grain

boundaries and form grains.

6.1 Calcium-Phosphate Fiber

Nanoscale fibers can strengthen biopolymers for bioengineering applications. Here, we study a
synthetic nanocomposite with 5 weigipercent fibers th& is based on a nanofiber filled
biodegradable polymer, polyhydroxybutyrate (PHB), with calgilmmsphate (CaP) nanofibers
[21]. | use a synthetic microstructure since we can directly control fiber length, position, and
orientation in order to compare with the feature recognition resultsis assumedhat fibers

are randomly distributed, a sample microstructure is showifrigure15 that consists of nine

fibers.
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Criginal image: 9-fiber example
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Figurel5. Calcium phospate fiber

Specific steps for finding geometric features are showrrigure4. Followings are steps of

finding CalciunPhosphate fibers using the surfacelet basedhmd.

Step 1. Preprocessed 2D image

An image of CalciufRhosphate fiber is taken by SEM. Thens itonverted to binary

image so that grain boundaries are easily recognized.

Step 2 Apply theRadon transfornonto an image

The surfacelet transformwvhich contains the Radon transform is applied on the image
shown inFigurel5. A straight line inlie Radon transfornaddsintensity values opixels
traversingentire image domaing A G K I y3f S . TheyRRdorRtfadsidrimyisO S
represented equation (2nentioned Chapter 3Summations are mapped onto the Radon

coefficient matrix.
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For examplefiber 9 shownin Figurel5 produces intensity value 35273 and is mapped

Lo w0 d
T W20 g v

onto the coefficientmatrix at (174,54), s KSNB mMtn NBLINBaSyidia h3I 4K
fiber 9 from e xaxis. Also, 254 refer to b, which is its distance from the origin shown in
Figurel6. The peak value, (174,254), corresponds to fiber 9 and it is plugged in@yguat

(2), whereu is the parameter along the linear feature (fiber 9) in the image.

Y pxlgut Mol P& T UIAT ®OxTth 6 WéPIXT ¢UT
Zi "X T Q0 ocvgyxo
Step 3Post processing of the Radon transform

The surfacelebased method calculates the intensity value for entimeage domain

then; converts to an intensity value to map to Radon transform coefficient domain.

When the straight line is overlapped wdifibers,the intensity valuecan be highlt is

important that finding a high intensity value, which corresponds to a linear feaitne

KAIK AydSyairide @rfdzSaz OFtftSR WLISIKH| @It dzSa
intensity value is higher than the threshold value, then it is consid#ratit represents

a linear feature. However, it is not easy to select peak value efficiently due to the over/

under representation case. In order to solve these problems, three techniques

mentioned section 4.3 are used.

A mask technique allows to selemppropriate peak value bgmphasizing a peak value
while deemphasizing neighbor pixe/hen a mask is applied ohé coefficient matrix

at (174,2%), which is corresponding fiber 9, the intensity value of the peak has
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increased 26.7%, which is 44715, \whipper and below pixels of the peak value are

decreasedl08.9% and 65.8% respectively.

In addition to mask, a high frequency component on the wavelet transform can be also
used to aid to select the peak valu@he high frequency component on the wauele
transform is applied to the Radon transform, enhancing detail feature of the Radon
transform coefficient domainTherefore, thepeak value, which is bright spatan be

highlighted.

Even though the peak values have been found in the complicated Racdficiemt
matrix, the high intensity values can be located close to each other, representing the
same geometric feature, which is called over represented case. The clustering technique
allows avoiding overepresented case. After computing clusters, thethosl selects the
pixel with the largest intensity value as the peak. If the peak value is larger than a

threshold value, the point is selected as a microstructure feature.

By performing three steps, linear geometric features can be reconstructed.

Figure 16 shows results ofseveral variations of the surfacelet $ed feature recognition
methods. These methods enable to select peaks corresponding to fibers. biltsfare
recognized at the red circles Figurel6 a using the regular surfacelet method, at the bright
convergence spots iRigurel6 (b) usingmasking and at the white circles iRigurel6 (c) using
high frequency component of wavelet traosm. Each indicated spot corresponds to the fiber

angle and location. In order to choose correct peak poinisedclustering.
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(@) Regular Radon transform
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(b) Radon transform + Masking
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(c) Radon transform + High frequency component in wavelets

Figurel6. Result of the Radon transform with different feature recognition methods

Tablel. Peakf 2 O (i Jopfrgnddifférent feature recognitionmethods

regular radon radon + masking radon + high
fiber transform frequency comp
disp. angle disp. angle disp. angle
1 7 80 7 80 8 82
2 21 91 21 91 21 92
3 59 127 59 127 60 130
4 180 143 107 144 107 146
5 81 149 80 149 80 150
6 98 170 98 171 98 176
7 7 179 9 181 6 180
8 142 202 142 202 142 204
9 174 254 174 254 174 256
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Tablel shows the results from each method that finds psakthe Radon transform coefficient
matrix. Masking and high frequency component in wavelets give alrtfessame result with

the regular Rdon transform.

As mentioned in Sectioh.1.2, we are able to calculate length and position of the fibers using
these angles shown iffable 1. Since we have peak vakiewe can find each edge of the
butterfly wings. In this exampleD ais 4 and eaclerosspoint of the butterfly wings are shown

in Figurel?. For example, each of whispots corresponds to U, W, Q, and Rigurell (b).

Butterfly wing of Sfiber example

Figurel?. Result of the Radon transform with cross points of the butterfly wings fefil®er

example
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Figurel8. Reconstructedmage of 9fiber example

Table2 Error between actual fiber and reconstructed fiber

Length 1 Length 2
Fiber Height* sin(Y P1 + P2 Angle %
Length error(%) | Length error(%)
1 15.53 15.64 0.69
2 9.54 9.65 0.80
3 3.39 3.26 0.81
4 22.22 22.31 0.50
5 2.51 2.38 0.27
6 1.68 1.80 0.55
7 8.70 8.82 1.10
8 9.81 9.93 0.65
9 6.65 6.77 0.63
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By usingthe cross points of the butterfly wings, we obtain the lengths of the fibers i&md
positions.Figurel8 shows the reconstructed fibers image. Line 7 is located lower than its actual
location, but althe other fibers are located at their actual locations. All fiber lengths and angles
are alnost the same as actual fibers. Table 2 shows the error between the actual and
reconstructed fibers. Note thathe length 1 is the first length calculation method, given in
Equation (12), while length 2 is the method given inuaton (15). These two methosl to
calculate length give almodhe same results. Sincéhe masking and the high frequency
component of the wavelets produce similar peak values, their reconstructed images are the

same.

6.2 IN100 Metal Alloy

In this chapter, ain boundaries will be recogred in a dataset obtained from a 10x10x10 pum
IN100 nickebase superlloy samplg22], shown inFigurel9 using both the butterfly wing and
the line overlay methods. Part of orthe cross section through the dataset was smoothed
manually, since the original datet was too coarse (only 41x41 pixels) and was used for this
example Figure20 shows part of the smoothed crosection.By usingsurfaceletbased method

the linearfeatureswere recognized.
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Figurel9. IN100 voxel dataset

Figure20. Cross section of part of IN100 example
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Three different variatios of the butterfly wing methodwere performedwhich arethe regular

Radon transform with clustering, the Radon transform with masking and clustering, and the
Radontransformwith high frequency componentfavavelet and clusteringAfter the peaks are

recognized by one of the methods, the linear feature analysithod is applied from Setiton

5.1.3. For each peakhe cross points ofhed dzii § SNF f & gAy3Ia& | NBE ARSYGATA
on each side of the peak. These cross points are indicated as red dots on the Radon transform in
Figure21; one of the peaks is highlighted with laedlJ, W, Q, R cross points. For the examples

in thisresearchthekh @ | aredz% %or 6 degrees.

Figure21. Result of the Radon transform with cross points of the butterfly wings for IN 100

example

Amongthe three variations, high frequency componerftwavelet produces the most promising
result. As shown in Table 3, most thie linear featuresare detected by the high frequency
component d& wavelet. After the cross points are determined, the length and positionsire

segmentare computed and reconstructed shown Figure22. However, in order to construct
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grain boundariesthe line segments need to be connectelf the end points of the line
segmentsare close to one another, thegire assumed to represerthe shared vertices andre
connected The positions of the shared vertices computed by averaging all shared cross point

positions. The reconstructed grain boundary image is shioviAigure23.

48



Table3 Peak values from different feature recognitiomethodsfor alloy example

line Regular radon Radon Radon
segment + masking + high freq.
comp.
disp. angle | disp. angle | disp. angle
1 95 1 94 2 98 1
2 258 19 258 19 260 19
3 170 63 171 62 172 63
4 159 91 159 91 162 89
5 180 149 180 150 182 150
6 269 181 269 180 270 180
7 153 56 None 152 55
8 170 107 None 174 108
9 None 120 131 122 131
10 None None 216 143
11 None None 130 172
12 None None 234 91
13 159 84 None None
14 None 140 91 None
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Figure22. Reconstructed image of line segment for cross section of

100 example
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Figure23. Reconstructed grain boundaries of IN 100 example
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The line overlay method wosleven better, as can be seenkigure24. Because line segments
are recognized by referencing the original image directly, the start and end points of the
segments an be found with high accuracy. After ensuring thia line segments connect,
grains can be recognized by finditigsed loopgamong the line segments, as showrFigure24

().

a) recognized line segments
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b) recognized grains

Figure24. Line overlay method results of IN 100 example

6.3 Titanium Alloy Fabricated by Directed Energy Deposition

A research group fabricated compositionally graded titanium alloy samples using a variation of
the directed energy deposition proce$®3]. Directed energy deposition (DED) is the ASTM
standard name for processes such as Laser Engineered Net Shaping (LENS) wherein powder
feedstock is injected into a focused high power laser beam to form a weld pool that, upon
solidification, 6rms a deposit. The specific process utilized here used two feedstock streams, a
burn resistant (BurTi) alloy -26\-15CF2AF0.2C powder and a -BAF4V (Ti64) wire. The
proportions of each were varied locally and the resulting microstructures studiRdsults
demonstrated that only beta phase was observed and increases in the proportion of BurTi

caused grain size to be reduced. Several grains in the image from a sample fabricated using 4.88
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g/min BurTi powder with 0.4 g/min Ti64 wire (sEgure25) were analyzed using the butterfly

wing andthe line overlay feature recognition methods.

Of the three butterfly wing methods, the Radon with masking metbivesthe best results. As
shown inFigure25 (b), most of the prominent grain boundaries were recognized. The size of
the image is approximately 300x18®n. Small errcs are observable in the calculations of line
segment position and length. It is likely that unrecognized grain boundamgedue to noise in

the image The noise and the limited resolution of the Radon transform cause trarsefor

recognizing thegeomdric features.

a) original BurtTi64 micostructure
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b) Recognized grain boundaries

Figure25. Surfacelet method results for Burdlii64 composite sample

The esults from the line overlay method are showrFigure26. Except for one grain boundary

in the upper left corner (incorrect angle and too long), the grain boundafesecognized
successfully. Also, an extralmwlary was recognized (close to (30) that is an example of
overrepresenting features. The exception grain boundary resulted from the heuristic used to
cluster line segments (use the longest line segment in each cluster), so this is potentially
correctable with a better heuristic. Aftateleting the extra boundary and adjusting the end
points of the exception boundary, recognition of entire grains is straight forward, as shown in
Figure26 (b). Due b some missing short grain boundaries, two of the grains are far too large,

specifically the blue and the cyan grains.
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a) Recognizegrain boundaries.
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b) Recognizedrains.

Figure26. Line overlay results for the Burdli64example
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6.4 Summary

This chapter shows three different examples to demonstrate capabilitiieofurfacelet based
method regarding extraction afhe 2D linear microstructure featuresA calciumPhosphate
fiber example represnts very simple linear features. A butterfly wing method is applied to the
image andall fibers are recognized. Two different approachie, butterfly wing method and
the line overlaying method, are applied to a metal alloy example and a Titanium ataynple.
Two approachesigld the same results on the metalloy exampleOn the other hand, the line
overlaying method shows remarkable results on the Titanium alloy example, wlndidutterfly
wing method shows the result with couple of unrecognizetw Isegmers. Therefore, this

chapter answers a research questionl, proving hypothesis 1a.

w»
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Hypothess 1.a:ad ! & dzNJF I OS f Shit intlidas§He Rad&hdré&nh&fdkm can
be used to detect linear features usimdinite lines for 2D images, or bounded
planes, for 3D datasets, and this can provide an explicit geonmetritel of these

microstructuref S| (G dzZNB a ® ¢

The hypothesis of this research question is validated in this chapter by showing the process by
which the line segments constructed to the microstructure model ushmgy proposed 2D
Surfacelet based methodhe 2D Surfacelet based method canduecessfully used to recognize

2D linear features with explicit form, which is the same representation system that current CAD

systems use.

This chapter contributestep A inFigure 2, which isextracting geometric features and

constructing a microstructure mod@r linear featuresUnlike other known method, it provides
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explicit geometric information so that can be integrated current CAD system easily. This step

allows to complete a reverse engineering of material process.
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CHAPTER 7
SENSITIVITY OF BUTTRFLY WINGMETHOD

Recognizedgeometricfeaturesconstructgrain boundarieshownin example aboveHowever,
even thoughthe geometricfeatures are recognized nicely, the resstill hassmallun-matched
geometric featurescompare toan input image. The errors areccurred by the overlapped
butterfly wings due to the complexity of the image. In this sectasensitivityof butterfly wing
method will be analyzedlepending on how one&hoosesa point in the 2D Radon transform

domain Terminologies are already given in sectich®1.

1 Alpha {): angle parameter,-axis on the Radon transform domain

1 Angle step )i : distance between thegak point and edge of the butterfly wing

1 Bindex (b): distance parametersakis on the Radon transform domain

1 Segment parameternpp): number of pixels that searches the cross points of the
butterfly wing. Vertically arrayed pixels gt h The segment paraeter isalignedat " +

n hand it searches edge of the butterfly wing.

Investigation of different factorswhich affect sensitivity ofthe butterfly wing method, is
presented in section 7.1, 7.2, 7.3 and 7.4. In addition to tefigcts of different factos with a

simple synthetic line segment are explored in section 7.5.

7.1 Parameter 1. Angle step parameter ( A ¢
This section explainthe sensitivity ofthe butterfly wing method depenithg on an angle step
parameter(cp )l X-axis representangle parameter(f) andthe anglestep parameter(cp Yshown

in Figure27, indicatingdistance betweera peak point and the cross point of the butterfly wing
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Figure27 showsa sample peak point fronthe complicated Radon transformiomain Vertically
aligned llow circles irFigure27 representa width of the butterfly wing(nb). TheEnd points of

the yellow circles are corresponded to U, W, Q, and R shoWwigurel7 and Figure21.

angle

Figure27. Sample peak point with defined range jm hdistance

In order to examinethe sensitivity of angle stepparameter (p{) different angle step
parametersare choserwith the same condition, segment parameter of 6 and threshold value of
0.5. By using nine different set of parametetbe reconstructed line segment are calculated.
Figure28 shows defined range with different angel stpprameter (p)at the same segment

parameters(nb) and threshold(th). Asshown inFigure28 (e) and Figure28 (f), increment of
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angle stepparameter (pJdoes not producethe same defined range. This liecauseof the
overlapped butterfly wings aroundhe peak point. If there is no other overlapped butterfly wing,
no matter how large angle stgparameter (p YJare chosenthe defined rangdstarts/end at the

cross point of the butterfly wingwill be the same
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Figure28. Defined range with different angle step parameter at segment parameté6 and

threshold valueof 0.5
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Table4. Reconstructed length of the line segment with different angle step parameter

angle step 1 2 3 4 5 6 7 8 9

Length of | 343.7| 171.8 | 114.5

. 85.94 | 68.75| 57.30 | 49.11 | 42.97 | 38.20
line seg 7 9 9

Depending on the anglstep parameter(gp ) the reconstructediengths ofthe line segment are
shown inTable4. A ®nown lengtiflds defined by comparing the reconstructed length and the
length of line segment in the original image. If a length of reconstructed line segment is the
same as the origindéngth of in the image, the length can be callddown lengtfQ Theknown
length is used for calculating the sensitivity analyBig. usingthe reconstructed lengththe
sensitivity analysis of angle stgarameter (plis calculatedThe ®nsitivity is alculated both
ways. The one i® find the difference betweera current step anda previous step and the other
is to find the difference betweena current step and themiddle step The former one is called
local sensitivity and the letter one is called global sensitiEyuation (16) showshe local
sensitivity wherex; representsthe current angel step ang.;representsthe previous angle step
while equation (17) indicatethe global sensitivity wherexmigge represents middle step among

the entire angle step.

0 £ OWHE | QO Q-6 VR (S0
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Figure29 showsthe local sensitivity of angle steps, indicatitihg sensitivity decreases when the
angle step parameter (p)) increases.When angle stepsparameter (p) increase, the

reconstructed lengths decreasé\lso,decreasing rate of theeconstructedlength decreass
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shown inFigure29. The dobal sensitivity ofhe angle stepparameter (p Yshows similar trends
asthe local sensitivitydoes shown inFigure30. Sincethe global sensitivity is calculated using
the middle point, in this case angle step of 5, the resulttat global sensitivity atpU=5 is

always zerpshown inFigure30.

local sensitivity: angle step
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Figure29. Localsensitivity of angle steps
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global sensitivity: angle step
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Figure30. Globalsensitivity of angle steps

When the large angle stgparameter (p JJis used, the cross points of the butterfly wing are less
affected than when the small angle step is used. This is because of the butterfly wing shape
consisted with sinusoidal curves. The slopes of the butterfly wing ardimear in" direction,

as shown irFigure31. Two different angle stepsp 1, g 2, and its corresponding cross points
(green, blue dots) are shown Figure31. As mentioned in equation (13), the reconstructed
length depends on the slope of the butterfly wing. Therefore, two different slopes (green line
and blue lines) ifrigure31 mean the different reconstructed lengths. Green line shows a slope
with angle step ofgd 1 while blue line shows a slope with angle stepgif.. Green slope is
steeperthan blue oneindicatingthat a reconstructed length of line segment with angle step

parameterof ¥ 1is larger than one with angle stgmarametergd .. Even though those slopes
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are found in the same butterfly wing, the curved shape of the butterfly wing is a reason for

having different reconstructed lengstwith different angle steps.

Figure31. Two different angle steps in the samtautterfly wing

In order to see how the angle stggrameter(cp Yaffects to find the defined range, three dag
stepsparameters ¢ Jare comparedFigure32 shows three different angle stegarametes (op )

at the same butterfly wing. The known length of the linear featurtoisad at angle stepf 4
shown inFigure32 (b). The defined range is slightiifted on the right wing atp 43 as shown

in Figure32 (a). Even though it is only one pixel off, the result increases 32.7%. At angig stép
=5, left wing of the defined range is found slighthifted and also this causes 20% decrease of

the reconstructedength.
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angle angle angle

(a) Angle stepn =8 (b) Angle stepn =4 (c) Angle stepn =8
Figure32. Butterfly wing (red curve) and the defined range at angle step 3,4 and 5

7.2 Parameter 2: Segment parameter (Ab)

When the line segment is reconstructed a segment paramedd) (s importantly used like
angle step parametefp )l A segment parametefob) is finite number of pixelsonsecutively
stacked from offset valuehown inFigure33. An angle stepparameter(n ') is taken fromthe
LIS 1 @I inszisdoetian. By Gsing an angle stepffset@ | £ dzS o faupd"TRen 6 U
a segment parametefqb) is used to narrow down the range to firtde cross point of the
butterfly wing. Vertically aligned gllow circles inFigure33 indicate segment paramet (gb),

which is piled from offset valu® both up and down directions
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angle

Figure33. The Definedange (yellow circleskb apart from peak value (red cross)

Yellow circles ifrigure34 show the defined range dahe butterfly wings withthe different
segment parameten( §, whenangle step parameten(') is 4 and threshold value is 0.5. The
known length is found at segmenammeter(qb) is6, shown irFigure34 (f). By increasing of
segment paramete(gb), a reconstructed lengthlsoincreasesAs mentioned section 5.3.3.2,
the crosspoints of the butterfly wing are selected in reduced range defined by a segment
parameter(gb). Therefore, incremental of the segment parameter produa&sge defined
range.Thelarge defined range indicates a long reconstructed length shown in
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Tableb.

(g') 0 (hU %) angle (IL’) D angle

angle

Figure34. The Defined rangeavith different segment parameter at angle step parametef 4

and threshold valueof 0.5
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Table5. Reconstructed length of the line segment with different segment parameter

segment |, 2 3 4 5 6 7 8 9
parameter

length of | g sc | 57.30 | 85.94 | 114.59| 128.92| 143.24

line seg

143.24| 143.24| N/A

cal sensitivity: segment parameter
T
______________________

Figure35. Local sensitivity of segment parameter

The local sensitivity ofthe segment paramete(gb) is shown inFigure35, showingdecreasing
pattern with increasingof segment paramete(qb). Since the local sensitivityaalculatedusing

equation (16), it shows step shape. Hiaes between segment parametéyb) of 2 and 4, and

segment parametefqdb) of 5 and 6, indicateonstant reconstructed length of the line segm.

The butterfly wing isconsistingwith pixels, which is squa shape. In order to represent
sinusoidal shapef the butterfly wing with square shaped pixeitair shape is used shown in
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Figure36 (c). A stairshape representinghe curved edgeindicates that the intensity values of
the butterfly wing are discretized. Therefore as showrFigure35 (f), (g), and (h), the same

cross points of the butterfly wing are found even though a segment paranfgtgis increased.

This is why the locakensitivityhas flat line at segment parametéyb) of 7, 8, and 9.

Figure36. Stair shape of the butterfly wing

global sensitivity: segment parameter
0 T T T T T T

2%

20

sensitivity
o

Figure37. Global sensitivity of segment parameter
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On the other hand, the globaknsitivityshowsa smoothly decreasing patterasshownFigure
37. As mentionedn equation (17), theglobalsensitivity is calculatedsingthe middle point, in
this case segment parametégb) of 5. Therefore, thesensitivityat segment parametefgb) of

5 is always zero. Other than segment paramétg) of 5, the sensitivity of segment parameter
decreases with increasing of segment paramétd). This means the reconstructed lengths of
the line segment increaseith incrementalof segment parametefgb), whichis consistentwith
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Tableb.

7.3 Parameter 3: Threshold value

A threshold value is one of the important parameter for reconstructing linear feature.
Threshold value is used find the defined rangeFigure38 shows thedefined rarge ofthe
butterfly wings with different threshold values whéime angle parameterkU) is 4,andsegment

parameter is§b) 6. Fronfigure38 (a) to Figure38 (i), threshold valuencreasesith 0.1 steps
As shown in
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Table 6, the known length is found aFigure38 (a), (b), (c), (d), (e) and (f), indicating until
threshold value is 0.5 thdefined range hasnoughpixels to extracteconstructioninformation.
If a threshold value is greater than 0.5, tHengths of the line segments decreasghis is

because only small number of pixels are satisfied the tiokkvalue.
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(a) Threshold = 0.1 angle (b) Threshold= 0.2 angle () Threshold= 0.3 angle

(d) Threshold= 0.4 angle (e) Threshold= 0.5 angle (f) Threshold= 0.6 angle

(9) Threshold= 0.7 angle (h) Threshold= 0.8 angle (i) Threshold= 0.9 angle

Figure38. TheDefined range with different threshold value at angle step of 4 and segment

parameter of 6
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Table6. Reconstructed length of the line segment with different threshold value

threshold
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
length of
line 85.94 | 85.94 | 85.94 | 85.94 | 85.94 | 85.94 | 71.62 | 57.30 | 42.97
segment
120 | 1 | 1 | | |

Figure39. Local sensitivity of threshold value
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Figure40. Global sensitivity of threshold value

Figure39 represents the local sensitivity tiie threshold value whild=igure40 represents the
global sensitivity ofthe threshold value. Two differensensitiviles show the same trensl
because of discreted pixel valus in the Radon transform domain. In order to detgne the
defined range, pixels with a magnitude greater than the threshold value of the maximum of 2x
n dare usedBecausef this processthe cross points of the butterfly wing are found identically
even though thethresholdvalue increasesAlso the lage threshold value extracts only a few

numbersof pixels,producinga short length of theeconstructedine segment.

7.4 Overlapped butterfly wing
Since a real microstructure image contains irregular linear features, the butterfly wings of linear

features are overlapped in the Radon transform domain. A peak value is overlapped by several
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butterfly wings, and this allows surroundings of the peak vdiughter than single butterfly

wing. This is the reason why the length of reconstructed line segment hakneam pattern.

The werlapped butterfly wings can be identified one by one as shovwigare4l. Figure4l (a)
shows plentiful overlapped butterfly wings around peakRyure4l (b) is zoomed in figure of
the butterfly wing around peak 2. Asigure4l (b) shows, there ar@ sets ofbutterfly wings
around the areaFigure4l (e) is thebutterfly wing which corresponds to the peak number 2.
Figure41 (c) and (d) show butterfly wings overlapped to the correct butterfly wihbe
overlgpped butterfly wings as shown ifigure 41 (c) and (d) cause the ndimearity of

reconstructed linear feature.
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120 130 140 150 160

angle

(a)Radon transform domain

e 95 00 05 MO 15 120 125 130 135

angle angle

(c)Overlapped butterfly wing around peak (d) Overlapped butterfly wing around peak val
value

angle
(e) Butterfly wing with detected Range 2
Figure4l. Overlapped butterfly wing around peak value area
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7.5 Sensitivity of s ynthetic line segment

7.5.1 Parameter 1:Angle step

In order to see the effect ahe overlapped butterfly wings, a single synthetic line segment is
investigated. Figure42 (a) shows an image with 70 pixels long and 3 pixels thick line segment in
100 by 100 pixels of an image domain. When the Radon transform is applied to the linear
feature, a set of nomeformed butterfly wing is generated as shownFRigure42(b). Different

angle stepparameterson a set of butterfly wing are shown inFigure 43 with segment
parameter of 4 and threshold value of 0& peak point is in the middle of the Radon transform
domain and the butterfly wing is placed horizontally. This case is a simple casaning a
butterfly wing is not overlapped dnterrupted by the other butterfly wings. Thdefined range

in the butterfly wingds found symmetrically as shown kigure43. However, the reconstructed
lengths of the line segment are varies. Digital images consist of pixels so it shows limits to
represent accurate feature. When we zoom ihe butterfly wings, diagonal lines are
represented asa stair shgpe. Due to the linted resolution of the digital imagethe defined
rangein each angle step is found one pistlifted in Figure43 (c), (), (g), at (h). This is the
reason why the reconstructed line segments are cmtstanteven though the butterfly wing is

not interrupted by any other factors.
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(a) Synthetic linear feature in the image domain
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(b) A butterfly wings in the Radon transform domain

Figure42. Simple line segment and its Radon transform
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@n =7 angle (hp h=8 angle ()p h=9 angle

Figure43. The Definedange with different angle step parameter in simple line case
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global sensitivity: angle step
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sensitivity
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Figure44. Global ®nsitivity of angle step inthe simple line case

Figure44 showsthe sensitivityof angle stepparameterin the simple line caseEven though
there are no overlapped butterfly wings, it shows no trends. This is bet¢hatéhe gradient of
the intensty of the pixelsaround the peak areare nonlinear. If three parametersdd, gb, and
threshold value) are changed together it shoeenstanttrends. This will be explained section

7.5.3below.

7.5.2 Parameter 2:Segment parameter

Figure45 shows the Radotransformof a synthetic line segment with different segment
parameters whemd is 5 andhe threshold value is 0.5Thesame synthetic line segment is
used as shown iRigure42(a). A small size ahe defined range is detectedsshown inFigure
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45(a),(b), (c)sincethe segment parameters are too smallfind the appropriate cross points of
the butterfly wing Oncethe segment parameter increases (fraip=4 togqbh=9) toselectthe
cross points of the butterfly winghe reconstructed lengths are the same shown in
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Table7.

(@nb=1 angle
b

(9nb=7 angle (hnb =8 angle (i pb =9 angle

Figure45 Detected Range 2 with different segment parameter in simple line case
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Table7. The reconstructed line segment with differenegment parameter in simple line case

=gment 1 2 3 4 5 6 7 8 9
parameter
length of
line 2292 | 4584 | 68.75 | 68.75 | 68.75 | 68.75 | 68.75 | 68.75 | 68.75
segment

sensitivity: segment parameter

e ! ! ! ! ! !
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Figure46. Global £nsitivity of segment parameter in simple line case

Figure46 shows thesensitivityof the segment parameter. Compare to the sensitivitythod
angle step parameter it is stable. Especiallyfrom the segment parameterof 3, the
reconstructed line segm# shows constant length. Since this is the simple case, the butterfly

wing does not iterrupted by the others. fis cax produce constant and stable reswith the
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different segment parameterWhen the segment parameter is 1 or 2, size of the segment
parameter is not enough to oger width of the butterfly wing, thereforet generates short

reconstructedine segment.

7.5.3 Parameter 3: Threshold value

Figure47 shows thedefined rangen a single butterfly wing witthe different threshold values
whengd is 5 andgb is 4. Thaelefined rangeat the threshold value®f 0.3, 0.4, and 0.5 generate
the same length of the linear feature shovim Figure47 (c), (d), and (e). When the threshold
value is small (e.g., 0.1 and 0.2), ttiefined rangeincludes redundant pixels, it causésng
reconstructed line segmentable8 showsthe reconstructed length of the linear feature with
the different threshold values. he largerthresholdvalueis used,the shorter length of linear
feature is obtained. The large threshold value only includes a few numbers of pixebxtract
for selectingthe cross points of the butterfly wingrhis is because why the reconstructed length

decreases when the threshold value increases.

Table8. The reconstructed length with different threshold value in simple line case

threshold

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
length of
line 91.67 | 74.48 | 68.75 | 68.75 | 68.75 | 45.84 | 45.84 | 45.84 | 22.92
segment
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(@) Threshold =0.1 (b) Threshold = 0.2 angle (¢) Threshold = 0.3 angle

(d) Threshold = 0.4

¢) Threshold = 0.5 3”9 (f) Threshold = 0.6 angle

(g) Threshold = 0.7 angle (h) Threshold = 0.8 angle (i) Threshold = 0.9 angle

Figure47. The DefinedRange with threshold value in simple line case
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Figure48. Global nsitivity of threshold value irsimple line case

As shown inTable8, the length of line segment decreases like sthiapewhen the threshold

value increases. When tharesholdvalue increasesrom 0.2 to 0.3, the reconstructed length
decreasesincreasing the sensitivityOn the other hand, when threshold value increagesn

0.3 to 0.5, the reconstructed length holds the same length (=68.75). This is shown as a flat line in
the sensitivity graphin Figure48. The flat line indicatethat there is no length change between

two points (threshold value 0.3 and 0.4).

In the butterfly wing, three parameters are engaged éalculation of thdength of line segment
The combinations of three parametensroducea trend as shown iffable9. Snce there is no

overlapped butterfly wing, theross points of théutterfly wing are only selected based on the
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intensity value of pixels in theRadon transform domainFollowings are patterns among those

three parameters regarding tilve reconstructed éngth.

1. A largeangle stepdoes notguaranteelonger length. As shown ifable9 (a), (b), and (c),
threshold value is the same when thagle stefs increasedThe reconstructedength
increasedetween (a) and (b), and it decreases between (b) and (c). This is beaugadient

of the butterfly wing decreases ndimearly.

2. Whenthe segment parameter increasghe reconstructed length increases urttie segment
parameter of 3. (Bt, when g¥ is 6, the reconstructed length increases urkie segment
parameter of 4) This means, it is important to use appropriate size of the segment parameter in
order to cover width of the butterfly wing. If the segment pareter longer than the width of

the butterfly wing, it drops redundant pixels in the segment parameter. This is why the

reconstructed length increases only in the segment parameter of 1, 2 and 3.

3. As shown irTable8, when the threshold value increases the length of the line segment
decreases like stair shapehi§ pattern shows athe smallangle stepwith the large threshold

value andhe largeanglestepwith the small threshold value.

89



Table9. Comparison of reconstructed lengthmongthree parameters {h, Ab, and threshold

value)

@ r'n GKNBa @ 'p GKNBa g lc (GKNBa
no 1 2 3 no 1 2 3 no 1 2 3
lengt | 28.6 | 57.3 | 57.3 lengt || 22.9 | 45.8 | 68.7 Lengt| 19.1| 38.2 | 52.5

h 5 0 0 h 2 4 5 h 0 0 2
no 4 5 6 no 4 5 6 no 4 5 6
lengt | 57.3 | 57.3| 57.3 lengt | 68.7 | 68.7 | 68.7 Lengt| 62.0 | 66.8 | 66.8

h 0 0 0 h 5 5 5 h 7 5 5
nof 7 8 9 nof 7 8 9 no 7 8 9
lengt | 57.3 | 57.3 | 57.3 lengt | 68.7 | 68.7 | 68.7 Lengt| 66.8 | 66.8 | 66.8

h 0 0 0 h 5 5 5 h 5 5 5

(a) (b) (©)

@ r'n GKNBa @ 'pX GKNBa g lc (GKNBa
no 1 2 3 n o 1 2 3 no 1 2 3
lengt | 28.6 | 57.3 | 57.3 lengt | 22.9 | 45.8 | 68.7 lengt | 19.1 | 38.2 | 47.7

h 5 0 0 h 2 4 5 h 0 0 5
nof 4 5 6 nofjf 4 5 6 nojf 4 5 6
lengt | 57.3 | 57.3| 57.3 lengt | 68.7 | 68.7 | 68.7 lengt | 57.3 | 57.3 | 57.3

h 0 0 0 h 5 5 5 h 0 0 0
noyf 7 8 9 noyf 7 8 9 no 7 8 9
lengt | 57.3 | 57.3 | 57.3 lengt | 68.7 | 68.7 | 68.7 lengt | 57.3 | 57.3 | 57.3

h 0 0 0 h 5 5 5 h 0 0 0

(d) (e) ®

@ I'ny GKNBa @ 'p> GKNBa @ l'c> GKNBa
no 1 2 3 n o 1 2 3 no 1 2 3
lengt | 28.6 | 57.3 | 57.3 lengt | 22.9 | 45.8 | 45.8 lengt || 19.1 | 38.2 | 47.7

h 5 0 0 h 2 4 4 h 0 0 5
nojf 4 5 6 nof 4 5 6 noj| 4 5 6
lengt | 57.3 | 57.3 | 57.3 lengt | 45.8 | 45.8 | 45.8 lengt | 57.3 | 57.3 | 57.3

h 0 0 0 h 4 4 4 h 0 0 0
no 7 8 9 no 7 8 9 no 7 8 9
lengt | 57.3 | 57.3 | 57.3 lengt || 45.8 | 45.8 | 45.8 lengt || 57.3 | 57.3 | 57.3

h 0 0 0 h 4 4 4 h 0 0 0
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7.6 Summary

This chapter investigates the sensitivity of the butterfly wing methBite cross points of the
butterfly wing are the important partdo achieve accurate reconstructed line segments. In the
Radon transform domain, three parametease the factors three parameters, the angle step
parameter (@ Uthe segment parameteigp) and the threshold value (thXo identify the cross
points. Thesensitivity of three parameters is explained in this chapberorder toexplore the
sensitivity of the butterfly wing for a complicated image, three parameters are teatetl
investigated under the controlled scenaridm extensive analysis of the butfly wing method

would help to understand the errors occurred during the recognition process.

If a butterfly wing exists in the Radon transform domain, it can be easy to control to select the
cross point to calculate the linear feature®ther than threeparameters, the overlapped
butterfly wings also affect the process of selecting the cross points in the butterfly wing. The

effect of the overlappedutterfly wingsis also explored and compared.
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CHAPTER 8
RESEARCH QUESTION 1AD LINEARFEATURE EXTRACTION

Thischapter will explain an approach for extracting 3D linear features in the microstructure
voxel data set. Awas the case fo2D lineargeometricfeatures, a 3D surfacelet based method
will be used. In order to define graboundaries a plane overlaying method will be applied on

the result ofthe 3D Radon transform.

The first research question aint® extract geometric features. In this chapteBD linear

geometricfeatures arethe focus

92



8.1 Feature Recognition method for 3D linear: 3D Surfa celet based method

Voxel data set

|

/ Surfaceletbbased method \

3D Radoransform

v
|dentify location of Clustering
linear features technique

Plane overlaying method

N J

A 4
Recogniz&D linear
geometricfeature

l

Construct Microstructure
Model

Figure49. Feature recognition method for 3D linegreometricfeatures

A surfacelet based methotbnsistsof the 3D Radon transform aritie planeoverlyingmethod.
Similar tothe 2D feature recognition method mentioned in chapter HFigure 49 showsthe

process of recognizing 3iDearfeatures from the voxel data sets.

A preprocessing step,atculating the gradientof the voxel data setis performedin a process

similar to the 2D linear recognition methodThe gradientof the 3D voxel data set aims to
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highlight grain boundaries in the complicated voxel data set.gradientof a scalar funaebn is
denotedn Aivheren denotes the vector differential operator del. Ithe three-dimensional

Cartesiarcoordinate system, the gradient is

rat1rQ 179
nE —Q —Q —0Q
Te Two T

wherei, jandk are the standard unit v&ors. Since each grain hdee same intensity valuéor

all of itsvoxek, the gradientof the inside ofthe grain is zero. Whethis gradient is calculated
betweentwo grains, it gives non-zero value. By calculatirthis gradient an input voxel data
set isconverted to abinary data set, which highlights grain boundariesln this way, grain

boundaries can be recognized the 3D surfacelet based method.

In order to findthe locations of linear featurgin the voxel data set, the 3D Radon transform is
applied to the binary voxel data seproducing a3D coefficient set. The 3D coefficient set
providesa three-dimensiormatrix, which is used to locate linear featuwwa the voxel data set.
By applying thelusteringtechnique ontothe 3D coefficient set, the locations of linear features
are identified. hen, the plane overlayingmethod is appliedo the input voxel data set using
information fromthe previous step. The plane overlaying method recognibessize of linear
features. After determiningthe locations and sizes ofthe 3D linear features, the 3D
microstructure model will be constructed-he bllowing sections will explaiim detail the 3D

Radon transform and plane overlaying method.

8.2 3D Radon transform
In this sectionthe 3D Radon transforrwill be explainedThe 3Dsurfaceletbased method for

3D linear geometric featuragpresents plane singularities and is defined as

Orpap 1 O TO® Geir MdidPeir dE] QH & )
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wherea is rotation about the Z axibj [ Ois améw angular parameter about the local X axis,

and b is a translation along the localaxis, as shown ifigure50. a , armd,b arethe main
components othe 3DRadon transform. In order to extract 3D linear geometric features, the 3D
Radon transform is mainly used in this research. The 3D Radon transform uses a plane, which is
the fundamentalshapein 3D space while the 2D Radivansformuses the lines to seardimear

featuresin the 2D image domain.

S)

Figure50. 3DRadonplaneand its transformations

As shown irFigure50, the 3D Radortransformis designed for recognizing 3D linear features.
The fundamental feature, a plane, searches linear features in the watal setusing three
transformations. As showim Figure51, if a plane is at the-x plane, the first rotation is about
the global Z axisUj followed byrotation about the local x axisf). Then the last transt@n is

alongthe local y axis (b)lhe completdransformation matrices are shown in Equation (24).

OET |1 Q&m

| T[p'rT[ T[T[pT[T[":[
g g i Qwéimmn, TweEilTiQeEM, mp nm o

YEYEY S T nT n o m i miiibéim mom opom U8
1 m T p 1T T m p mTmn TP

95



whereU [ DA p[ bl p[ etige length of voxel data geFigure51 graphicallyshowseach
step of 3 transformations ithe 3D Radon transformWe assune that the Radonplane starts at
x-z plane andhat it is at the middle othe voxel data sefsshown inFigure51 (a). Therthe

Radonplanerotates 30 degres aboutthe global Z axi(U) asshown inFigure51 (b), followed by
90 degresrotation aboutthe localx axis(b) asshown inFigure51 (c). The last tansformation is
translation alonghe local y axigb). As shown ifrigure51 (d), the planetranslatesa distance of
10 units from its location as representedrigure 51 (¢). The Radonplane moves with a

combination ofU, b, and band searchedinear geometricfeatures (plane)in the entire voxel

data set.
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¥ [pixels]

¥ [pixels)

(&) A xz plane athe middle of the voxel data set
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Figure51. Three transformations in 3IRidgelet (starting from »xz plane)

By searching linear geometric featurése 3D surfacelet generates 3D coefficient sets, which
have3 dimensionsl, b and b.If a linear feature is located aingle ofU b, and distance of it
can be found by the Radon plane, which moves entire voxel data setsausimybinationof U

b, andb. The Radon plane in tt&D surfaceletdentifieslinear feature in the voxel data sat (U

b, b)andconvertsthe number ofidentified voxelsto the 3D coefficient Radon transform domain

The integral equation of the 3D Radon transform is

2 kA ® "I Qi (19)

¢
¢
3¢

wherer =(x,y,z) is the location ithe domainm in the Euclidean spac&he integrated value is

interpreted as an intensity value.
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When the Radomplane finishesearchinghe entire voxel data sethe size of the3D coefficient
matrix isUx bx b, which is 180x180x edge lengthtbé voxel data setEach element in the
matrix has an intensity valuiat corresponds tahe number of overlapped voxgbetween the
Radon plane and the microstructure voxel data sets. If the Radon plane perfectly fits to a linear
feature, the 3D surfacelet identifies tHargest number of overlapped voxeétsthat featureand

that can be converted as the highest intensity valudJab and b in the 3D Radon transform

coefficient set.

8.3 Recognize peak value: Clustering

The highest intensity value in 3D coefficient matrixeigresented as a bright spoaind this is
called(i K BeakWalueQn order to identifythe peak value from the complicated 3D coefficient
matrix, the clustering technique is used. Clusterirggone of the techniques mentioned in
section 5.2.2. If severgeak values are located near one another in the 3D coefficient matrix,
they can often be considered to represent one linear feature. These peak values will be
clustered together using a-tkieans clustering method based on puaiise distances between
peaks.Among the peak values in the cluster, | take the largest value in the clustering area. Since
a three dimensional matrix is used, the clustering technique is applied on each dimension to
recognize peak values. By using clustering for the 3D coefficientttsetpeak values that
represent the 3D linear features can be chos8elected peak values represedtb, andb,

which correspondto a location where the linear feature is placed in the microstructure voxel
data sets. These peak values can be used for next step, which is a plane overlaying method to

find size of the 3D linear features.
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8.4 Method of 3D Linear Feature extraction: Plane overlaying method

In order to recognizeéhe location and size of 3D linear featuresplane overlaying method is
proposed. This method is similar tbe line overlaying method explaineh section 5.4. The
concept ofthe plane overlaying method i® superimpose a plane of voxels on the original voxel
data set whilethe line overlaying methodises aline of pixels to superimpose on treiginal

image.
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In this researcha binary 3D voxel data set is used due to computational limitatidoWhenthe 3D
surfaceletidentifiesthe location of the peak valué{gn, brign, brigr) in the 3D Radon traform domain, a
plane is superimposed onto the microstructure binary voxel dataset at the locatithy@fbnigh and bgh.
To be specific, the superimposed plane is alsothe voxel data set that is the same size as
microstructure voxel data setThis voxel data set is binary, with one plane intensity value of 1 anc
other vales are OThis voxel data set with superimposed plane is multipigdhe microstructurebinary
voxel data sets. Figure52(a) represents the microstructurbinary voxel data setwhile Figure52(b)
shows a biary voxel data set for a plane located at peak valthgn( brigh, bhign). When those two voxe
data sets are superimposed, any voxel from the microstructure voxel data set that lies on the pl
(Chign, Brign, bnign) is extracted as shown ifFigure52(c). By using several peak values and repeatieg
plane overlaying method, linear features represented as blue regions showigime 52(c) can be

recognized.

0

40 y [pixels] 40 x [pixels]

% [piels]

¥ [pixels] ¥ [pinels]

40

y [pixels]

(a) The original voxel dat: (b) A plane located a (c) Extracted plane from
set peak value (Chign, the original voxel date
Brigh, bhigh) In @ voxel set using

data set superimpaing step

Figure52.The original binary voxel data set multiplied by a plane located at peak vatugn(

Brigh, bnigh)

After inserting a planethe result obtained by using the plane overlaying method is analyzed.
The pane overlayingnethod insertsa plane and this plane flatten ontdhe 2D domain as
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shown inFigure53. It is important toidentify where the large region starts arehds (blue pixels

in the red circle inFigure53). Each pixel is analyzed in the flattened plane using 3x3 or 5x5
patches In this way cross sections afther linear feature (green circle ifrigure53) can be
separated from the large area (red circle Rigure53). In order to determinghe large blue
region, a scoring system is applied on the patch. A subject pixel is placed at the center of the
patch and neighbor pixels are tested. In the patchgedtconnections between pixels are
counted. Depenithg on the number of neighbor pixels, a center pixel gets poiRigure54
shows howthe scoiing system works on aimage domainThe2D binary image domain shown

in Figure54 (a) is tested with a 3x3 patch. The score is plotted with different colors as shown in
Figureb4(b). If a pixel isurroundedby other pixels forming alarge regionthat pixel gets a high
score ands represented as red colowhile lowscore pixels get blue or cyan cols shown in
Figure54(b). By using this scimg system, large regia(red circle area ifrigure53) and cross
sectiors of other linear featurs (green circle area irFigure 53) can be separated. After
calculatingthe score of each pixethe connectivity of each pixel in the large area is checked. By
doing that, the found large area can be mapped to the 3D voxel dat&d\d8le the connectivity

of each pixels being checkedhe minimum areaoleranceis applied sahat small areacan be
eliminated. Figure55 showsthe process of findindinear features after the plane overlaying

methodhas been applied
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Cross section of
other linear feature

3D linear feature:
Grain boundary

Figure53. Synthetic flatten plane onto 2D image domain
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(b) Result of score system of synthetic 2D domain

Figure54. Result of score system of 2D domain image
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Score check
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Connectivity
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Minimum area tolerance
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Large area found

Figure55. Process of finding linear feature

Once large areakave beerfound, 3D microstructure grain boundaries are constructed. When
two or more linear features share a line of voxétese areused to determinghe adjacency of

linear features. Inthe 3D microstructure voxel data set, linear features mean grain boundaries.
By finding several adjacent linear features, which are grain boundaries, it is possible to form a

grain in 3D microstructure voxel data set.
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8.5 Examplesand Results
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8.5.1 4-plane example
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¥ [pixels]
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¥ [pixels]

Figure56. 4-Plane voxel data set

4 planesare spaced 10 ung apart. The 3D surfacelet based method is applied to the simple

voxel data set.The angles of the four planes fronfrigure 56 are identified in the Radon

transform coefficient domain by findintdpe peak valus. Table10 shows the expected results

and actual results of this exampl&he U a n dvalles correspond to thanglesof 0 and 180

degrees, while the b values correspatadthe translation of the Radon plane along the global Y

axis. Using th&D surfaceletbasedmethod, it is possible to recognizglanes m the voxel data

set shownBlue planes are the recognized planes using 3D surfacelet based methigdre57.
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Figure57. Recognized planes
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Table10. Expected result and actual result ofglane example

Expected resulfU b, b) | Actual resul{U b, b)
Plane 1 (0,0,5) (0,0,5)
Plane 2 (0, 0, 15) (0, 0, 15)
Plane 3 (90, 0, 5) (90, 0, 5)
Plane 4 (90, 0, 15) (90, 0, 15)

8.5.2 Cubic example
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Figure58. Cubic example

As a second examplasynthetic cubieshaped voxel data set is used. All 6 plaaes5*5 square
and the cule is rotated 45 aboutthe global Xaxis, as shown iRigure58. Since this example is

synthetic, each plane is created with speddi® and b values. By using the 3D surfacelet based
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method, 6 planes can be found. In order to find #eeof the linear 3D geometric featurethe

plane overlaying method is used after applythg 3D Radon transform

When peak values are provided by th® Radon transform, the plane overlaying method is
applied to the microstructure voxel data set. By using this for entire peak valueBnedp
features can be recognizedrigure 60 shows the result obtained by processing this cubic
example.A small blue regiomn the second columin Figure60 represents recognized linear

featureswhile yellow planes represent a superimpodeddonplane in themicrostructure voxel

data set.
Tablell. Expected result and actual result of cubic example
Expectedvalue Actualvalue _
(.6, b) (.6, b) Differences
Planel (upper left) (0, 135,23 (175, 137, 23) (5,2,0)
Plane 2 (upper right) (0, 45, 23) (6,45, 23) (6,0,0)
Plane 3 (bottom left) (0, 45 16) (1, 45, 16 (1,0,0)
Plane 4 (bottom right) (0, 135, 16) (179, 135, 16) (1,0,0)
Plane 5 (front vertical) (90, 0,23 (93, 3,23 3,3,0
Plane 6 (rear vertical) (90, 0, 16) (93,176, 15) (3,4,12)

Table11 showsa comparison of expected value and obtained valfrom the 3D surfacelet
based method. Plarse3 and 4 have only 1differencein the value ofangleU while planes 1
and 2 show 5 and6° difference respectively. Also, only plane 1 h&sd#ferenceon the value
of angleb. Those oblique planes (plane 1, 2, 3, and 4) are obtained without differém¢ke
distance value b. On the other hanthe vertical planes show similar differereeBoth ofthe

vertical planes are identified with°3lifferenceon angleUvalue and 3, 4° differenceon angleb
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value. Alsopnly plane6 hasa 1° differenceon distance b value. Even though some p&ahave

differences between expected value and actualue all 6 planes are recognized.

Figure59 shows one of the cross sectiwof the 3D Radon transforpincludingpeak values in
red circlesThe wpper red circle orresponds to plane 8(=1, b= 45, b=16) whilghe lower red

circle corresponds to plane 2I€6,b= 45, b=23).

Slice of 3D Radon transform @& beta =45

b walue

20 40 B0 a0 100 120 140 160 180
alpha

Figure59. Cross section of 3D Radon transform with peak values (Red circles)

Found peak value with plareverlaying

method Recognized linear feature
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Figure60. Recognized plane using surfacelet based method for synthetic example
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To be specifighe plane overlaying method with score system shows explicitly how regions are
recognized as linear featuregigure 61 and Figure 62 show in detail how the 3D plane is
flattened onto the 2D image domain and can be recognized as a linear feature. Once large

regions are found, common indices between 2 planes are searchiddntify sharel edges.
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(a) Flatten plane onto 2D image domain (plane Figure60)

(b) Result of score system (plane Jigure60)
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(c) Pixels that have higher score than threshold(=30) in ssgséemresult (plane 3 in

Figure60)
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(d) Large regions that are converted into 3D space (pixels are mapped into 3D vox
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(e) Found large regions ithe 3D space with the result of plane overlaying method
Figure61. Steps of finding large regions in the result of plane overlaying method (plane 3 in

Figure60)
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(a) Flatten plane onto 2D image domain (plane Figure60)

(b) Result of score system (plane SHigure60)
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(c) Pixels that have higher score than threshold(=30) in ssgseemresult (plane 3 in

Figure60)
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(d) Large regions that are converted into 3D space (pixels are mapped into 3D vox¢
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(e) Found large regions tine 3D space with the result of plane overlaying method
Figure62. Steps of finding large regions in the result of plane overlaying method (plane 5 in

Figure60)

Normally a shared edge heeen 2 planes can be identified by finding shared voxelsle
sometimesthis can be identified by finding voxels next to each other at edge of the plane. As
shown inFigure63, there are three voxels that can be considered as a shared edge of plane 3
and plane 5The $ared voxel indices are (16, 17, 19), and (16, 18, 18). Also, 2 voxels are next to
each other (1619, 17) and (17, 19, 17and thesecan be considered as a shared edge. By

finding the same indices or neighbimg indices,we are enabledo find shared edges in the

microstructure linear features in 3D space

118



.......

-
M
!

[
=
!

.......

z [pixels] pag

—"
[y}
!

—
=
!

|
!

20

40 10 20
% [pixels] col
¥ [pixels] row

Figure63. Recogized shared edge between 2 planes
The planeequations of 2 planes are
Plane3p g0 c Y Y
Plane5: oo pd ¢ & X L.X
Therefore mathematically, equation of the shared line between two planes is

P¢ ca Ymu

By substituting indices of shared vox&6,17, 19), (16, 18, 1&nd (16, 19, 17)the errors are
3.1%, 2.2%, and 1.3%. This indicates that 3D surfacelet based method allows obtaining explicit

3D microstructure model.
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8.5.3 IN100 example
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Figure64. IN100 microstructure voxelata set

3D lineargeometricfeatures will be recognized in a dataset obtained frod0a10x10 pum IN100
nickeltbase supenlloy sampleshown inFigure64 using3D surfacelet based methd@2]. The

size ofthe entire voxel data set is 41x41x41 voxelad each grains representedby different
colors. Since the voxel data set has abundant information, it is converted to the binary data set
usingthe gradientoperator[25]. Since one grain contains teame intensityalue, a gradient of
inside of a grain is zero. On the other hand, if a gradient is calculated between two different
grains, a non-zero valueis obtained By doing that, grain boundaries aleghlighted This

processyieldsa binary voxel data set and helps to reduce computational cost.

Linear grain boundaries can be identified as large regions as shokiglre65. Blue regiosin
the red circls are recognized grain boundarigsvhile yellow background planes represent

superimposedglanesduring the process of plane overlaying method.
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Figure65. 3D linear geometrideature (@: Plane 2 in Table 12, b: Plane 1 in Table 12)

In the complicated voxel data set, linear features can be found and camdrpreted as grain
boundaries As an example, one grain in the middldghs voxel data set is found. For one grain,
several grain boundaries are recognizedrrespondingo several peak value§ able12 showsU,
b and b ofseveralpeakvalues Different colors (magenta, cyan, blue, gresmd red) represent

different peak values, which have differedtb and b.

Tablel2. Peak values correspond to grain boundarigsg.62 (a) corresponds to Plane 2, Fig.

62(b) corresponds to Plane 1)

Alpha | Beta | Ydistance
Panel (magenta) 56 138 24
Pane2 (cyan) 59 157 19
Pane3 (blue) 0 135 20
Plane4 (green) 173 142 21
PlaneXred) 95 142 23

121



35
30 :
-----_||i LTI

= 25 ;H;hlu i
o N
= |
@ 20 -
= | e g el
]

m
!

]
_.'

m
!

20 | i I
¥ [pixels] col
¥ [pixels] row

(a) 3D linear geometric featurtound by plane overlaying method (plane ITiablel2)

(b) Flatten plane onto 2D image domain (plane Tablel?2)
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(c) Result of score system (plane ITiablel2)

flatten plane higher than score threshold

(d) Pixelgthat havehigher score than thresho{é30)in scoresystemresult (plane 1 imable
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12)

(e) Found large regions by checking connectivity (different color represents diffgrenp)
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(f) Large regionghat are convertednto 3D space (pixels are mapped into 3D voxels)
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(g) Found large regions in 3D space with the result of plane overlaying méthate 1 in
Tablel2)

Figure66. Steps of finding large regions in the result of plane overlaying method

Figure66 shows how the large region can be selectedha results obtained with theplane
overlaying method. Specifically plane ITiablel2is used as an exampli order to separate a
large region from the result dhe plane overlaying methodhe 3D plane habeen flattened,
due to theprocess irFigure55. The result othe plane overlayingmethod in 3D space{gure
66 (a)) is flattened ontdhe 2D image domain, shown Figure66 (b). Inthe 2D image domain,
the score system is applied Higure 66 (c)). A pixel scords assigneddepending on its
neighborhood pixels. Ren, pixels that have higher scar¢han the threshold value (in His
example,the threshold value is 30) are selected, showrFigure66 (d). If selectedpixek are
connected to its neighbdmg pixel, large regions can be defineDeterminedlarge regions are

represented as different colsin Figure66 (e). After large regionare determinedthe flattened
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Planel (magenta)

plane inthe 2D image domain ieturnedto 3D space, shown irigure66 (f). TheMagenta color
voxels inFigure66 (f) represent found large regionbat are in 3D spacd-ound large regions in
3D space arénterpreted as 3D linear featurin this research. However, if a large region has
less than 5 pixs, it is not considered aa 3D linear featureFigure66 (g) shows found large

regions (magenta colomapped ontathe result ofthe plane overlaying method.

Figure67 shows eaclilattened planethat correspondto a peak valueshown inTablel2. Those
planes form a grain in the voxel data s2D imagedomains(flattened plane) which include
several large regionare shownin Figure67. Each differentolorin the 2D domain represents
different large group, which ia different gran boundaryin 3D spaceThese large regions in 2D

flattened planes irFigure67 are returned to 3D spagéorming a grain.

Found large region on the 2D domain
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Plane4 (green)

Plane5 (red)

10 20 30 40

Figure67. Found peak value corresponded to plane in voxel data set

When several large regions are identified, they form a grain by finding shared sets of voxels

between large areadsigure68 shows 2 cases of shared voxels between adjacent lagiens
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In the top row, pane 2 and plane Baslarge areathat shares a line of voxelsthese areshown

in the yellow circle inFigure68. Similar to thisjn the bottom row,planes 2 and 5 also have
shared voxed, shown inthe yellow circle. By finding sets of shared voxels between adjacent
large areas, a grain cdre formed. Figure69 shows patrtially recognized grain boundaries. Each
different color indicates different grain boundary atight forms a grain. Even thoughe restit
representspartially found grain boundaries for one grain, it is possible to recognize linear

feature inthe 3D voxel data set usirthe proposed method.
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Plane 2 (cyan) and Plane 5 (red)
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Figure69. Partially recognized grain boundaries

8.6 Summary
This chapteshowsthe recognition of 3D linear featusgn the voxel data set. In order to dbat,

a 3D Surfacelet based method is usédhe 3D Surfacelet based method includesSD Radon
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transform followed bya plane overlaying method. Each recognized 3D linear feature is used to
constructa 3D microstructure. This chapter contributes to answer reseapgestion 1 followed

by hypothesis 1a.

Researchqueston X/ 'y 'y SYGANB 3IS2YSGNARO FSI GdzNB A

SEGNI OGSR a +ty SELXAOAG 3IS2YSONAO Y2RSt dza;

Hypothesis laa ! & dzNF I OSt S that indiudeS the Raoi Kehdorm can be
used to detect linear features usigfinite lines for 2D images, or bounded planes, for
3D datasets, and this can provide arplicit geometricmodel of these microstructure

TSI GdzNB & d¢

The typothesis of this ressrch questionis validated in this chapter by showing the procbgs
which the voxel datawas constructed microstructure usinghe proposed method, 3D
Surfaceletbased method. 3 examples are demonstrated to show how to select a fanhe
includesa 3D Inear feature in it. Then by testing IN100 voxel data ¢b& process of
constructingthe microstructureby usingthe plane overlaying method is shown. Therefottee
3D Surfaelet-based method can be successfully used to recognize 3D linear featifie

explicit form, which is the same representation system that current CAD systise

This chapter shows how 3D geometric features are recognized and identified by the 3D
surfacelet based method, contributing step ARigure2. This approach provides explicit voxel
indices for each 3D grain so that they can be easily converted microstructure .nmgylel

completing this step, a heterogeneous CAD system can be achieved.
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CHAPTER 9
RESEARCH QUESTION 1BION-LINEARFEATURE EXTRACTION

In the microstructure image, nelnear geometric features are more common than linear
features. A method for recognizingnon-linear feature will be explained in this chapteAmong
variety kinds of no-linear features, this research will focus aacircular arc, which ia simple
case ofa non-linear feature. ACylinderletbased method will be used to identify circular aris.
circle overlaying method will be applied on the resulttioé Cylinderletin order to specify the

lengthof anarc and start/end points of the arc.
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9.1 Feature Recognition method for 2D non -linear feature: 2D Cylinderlet

based method

2D nonlinear microstructure image

|

/ 2D cylinderlet basedhethod \

2D RadoHike transform

v
|dentify location of Clustering
non-linearfeatures technique

Circle overlayingnethod

N J

v
Recogniz&D nonlinear
geometric feature

l

Construct Microstructure
Model

Figure70. Feature recognition method for 2D nelnear geometric featues

Before using the Cylinderlet based methdke gradientof animage is calculated in order to
highlight grain boundaries in the image. This step allessto havethe simplified image

emphasizing geometric features and reducingises in the image. Thegradient of a scalar
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function is denotedi Awheren denotes the vector differential operator del. Ithe two

dimensionalCartesiarcoordinate system, the gradient is

1o 10
neE —Q —.Q
T w T w

wherei, j are the standard unit \@ors. Since each grain htse same intensity valudor the
image, thegradientof the inside ofthe grain is zew. Whenthe gradient is calculated between
two grains, it gives nogero value. By calculatirtgis gradientof an image, an input image is

represented as binary image, whiblghlights circular geometric features.

A Cylinderletbased method is similar tthe surfacelet based method. It includes tleecular
Radonlike transform followed bythe circle overlaying method. Theircular Radonlike
transform in theCylinderletbased method is the integral transform consisting of thegnal of
a function over circledt searches circular arcs, circles with different diametatd converts to
points in the Radon coefficient matriK. a circulararc in the image domaiis matchedwith a
searching pattern (a circle), the circular Radiér transform countghe matched pixels and
convers it into an intensity value in theRadon coefficient domain. Ifthe matched pixels
betweena circular aranda searching patternit producesa high intensity valugwhich is bright
point in theRadoncoefficient domainA diameter and center coordinatee determined by the
circular Radosike transform.After the circular Radotike transformis performed the circle
overlaying method isapplied to the result of the Radotike transform in order tofind the
location of the circular arcUsing a diameter and center coordinatethe circle overlaying
method identifies thestart/end points of thecirculararc. Recognzed circular arcsare used to
construct an explicit microstructure model inthe 2D image domain. Figure 70 shows the

process ofecognizinga 2D nonlinear feature usinghe proposed method.
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9.2 2D circular Radon -like transform

In this sectionthe circular Rado#ike transform inthe 2D domainwill be explained. The circular
Radonlike transform is similar to the 2D Radon transform except it ubescircular pattern

instead ofthe straight line to findthe geometric feature in the image domainSimilarly, a

surfacelet that represents cylindricahgularities can be defined as
Whik | O TOO T Q&G | QOH O [ Q0 ©E i (20)

where anangular elementll [ 0l epplainsa translation factor whilgparameterr describes
the radiusof the drcular shape shown inFigure71 [26]. ParametersU, b and r arethe main
componens of the circular Radotike transform.In order to extractthe circular arcs in the
image domain, different radii of circle patterns are us@dcirclepattern of a different radius
moves guided bythe angular element)andthe translation factor bfindinga circular feature in

the 2Dimage domain
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Figure71. 2D circular pattern and ittransformation

By searchinghe non-linear geometric featureghe 2D Cylinderlet generatebe 3D coefficient
set, which has 3 dimensions, b and radius r. If a center of a circular arc is locatedlab, it

can beidentified by the circle pattern with radius rThe circlepattern with radius r identifiesa
circular arc at\{ b, r) in the image domajrconvertingit to the circular Radotike transform
coefficient domain. The converted valuds intelpreted as an intensity value the Radon
coefficient domainlf a circular arc in the image domain perfectly matches witircle pattern

in the RadoHike transform, itproduces the highest intensity valuepresented as the brightest
spot in thecoefficientdomain. Thebright spotin the coefficientdomainis calledfeak valueQn
order to identifythe peak value from the complicated coefficient matrix, clustering technique is

used.The tusteringis one of the techniques mentioned in section 5.2f&everal peak values
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are located near one another in the circular Radi&e transform domain, they can often be
considered to represent one circular feature. These peak values will be clustered together using
a kmeans clustering method based on puailse distances between peaks. Among the peak
values in the cluster, the largest value will be taken in the clustering area. Sitluee
dimensioral matrix is used the clustering technique is applied on each dimension to recognize
the peak valus. By usinglustering for the coefficient set, the peak values that represent the 2D
noninear features can be choserBelected peak valuesre represened U b, and r,
correspondhg to a location where thecircular arcfeature is placed at in the microstructure
image These peak values can be usedtfa next step,the circle overlaying methadn order

to find the start andend coordinates of the circularc.

9.3 Method of 2D non -linear feature extraction: Circle overlaying method

In the previous section 9.2he peak valuesncludingradius and center coordinate of circular arc
feature are obtained by using the circular Radite transformand clustering techniqueThe
next step isto identify the location of the ciralar arc In order to recognithe start and end

coordinateof circulararc,the circle overlaying method will be used.

Similar tothe line overlaying methodthe circle overlaying method superimposes a circle with a
given radius fronthe previous step on the original image at given center domate. Pixels of
circle can detect the circular arc in the original image #Hralstart and end coordinate othe

circulararc feature can be obtained. The steps of the method are as follows:

Given: a peak, b, r), a maximum gap@pnay), and a minimuncirculararc length ¢min)

Find:all circular arcs consisting mhage pixelsalong the circle corresponding tb,(b, )

that is at leastmin long and that can span gaps of no more tlyamyax wide.
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1. Generate a circle centered &t,(b) with radiusr

2. Extract pixel values from the image along those pixel coordinates
3. Find a gap longer thagapnaxalong the circular arc

4. Filla gap if it is smaller thayapmax

5. Keep each circular arc that is at least long

9.4 Examples and Results

9.4.1 Example 1:Simple Synthet arcs

input image
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Figure72. Simple synthetic arcs image

Figure72 showsthe simple synthetic arcs in th£00* 100pixel 2D image domainSets ofarcs

have gapsieeded to be connectedThe 2D Cylinderlet based method is applied to the simple
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synthetic arcs. Radii of each arc and center coordinates are identi§ieg) he circular Radon
like transform coefficient domain by findindpe peak value. Table 13 showsthe expected
results and the actual results of each set of arc¥he circularRadonlike transform only
identifies thecenter coordinates and radif sets of arcs. In order to recognize start and end
points of the arcthe circle overlaying methods used.The drcle overlaying method detects
gaps between arcs. If a gap is less thdalerance, two arcsre considered as one arc artde
circle overlaying method connects ther. gap between two arcs is calculated as linear line

because of size dfie gap is relatively smatiompareto size ofthe arc.

Tablel3. Expected result and actual result afmple synthetic example

Expected center coordinates Found center coordinates
and radius and radius
Set1 (30, 40), 1=20 (30.2, 39.7), 1= 20
Set 2 (60, 70), £= 10 (60.6, 71.2),2=10
Set 3 (80, 20),5=5 (81.4, 20.6),3=5
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Figure73. Simple synthetic arcRedcircles represengaps)
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Figure75. Reconstructedmage of simple synthetic arcs

As shown irFigure73, three sets of circular arcs have a number of gaparked withred circles)
that can be detected by the circle overlaying methBiyjure74 showsrecognized arcs ke 2D
Qylinderlet based method. Different colormxcept red(blue, cyan, orange, yellow) indicate
identified ars shown in the original imagevhile red colors represent gapgonnected by the
circle overlaying methodGaps (red colored arcs irFigure 74) are detected by the circle
overlaying method and connectedhe econstructed circulaarcs are shown ifrigure75. All
gaps are detected and connected. Using the 2D Cylinderlet bassldod; it is possible to

recognize circular arge the image.
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9.4.2 Example 2: Zirconia coatedarbonyl iron particle

Figure76. Zirconia coated arbonyl iron particle

This section shows thahe 2D linderlet based method works well for real microstructure
image.As anexample zirconia coated carbonyton particle imagdaken by SEMs used[27] .

Two circular arcs are presented in 200*200 zircorieted carbonyl iron particle image as
shown inFigure76. Sincethe 2D Cylinderlet based method uses binary input image, simple edge
detection image processing method is used to convert it to binary image-ki@n image
detection algorithmW/ | y23B8]dsCused withthe threshold and smoothness factoFigure77

shows conversion image of example.
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Figure77. Zirconia coated carbonyl iron particle converted to binamage

Even though this image does not have gapthe circular arc featurethe circle overlaying
method plays an importanrole to recognize tese arcs.The circulararcs areconsisted with
severalsmall arcs witlthe different radii. Therefore, @everalnumber of peaks are needed to
be selected in the circular Raddike transform domain in order to recognize the arc completely.
When more than two arcs are recognized, it is very hard tomstructarcssmoothlytogether.

Sometimes wo arcs are overlapped or disconnected. In the case of disconndetedarc
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segments there must be a gap between arcs, which can be detected and connectéuk by

circle overlaying method.

Table14. Peak values correspond to circular features

Recognized center Recognized
coordinate radius
Peak 1 (34.5, 99.3) 59
Peak 2 (163.4, 49.5) 63
Peak 3 (34.0, 108.7) 77
Peak 4 (171.2, 29.8) 84

Table14 showsthe peak values that correspond to circular arcs in the imagementioned
above,apeak 1 only represents part of one arc as showRidgure78. In addition to that part of

the arc shown irFigure78 has several gaps inside due to the limitation of the resolution in the
digital image domain. Thereforé,is needed to be connected by the circle overlaying method.
The circle overlaying miedd identifies several arcs segments in the arc and these are
represented aghe different colois in Figure79. Red circles represerthe gaps between arc
segments. B using the circle overlaying method, gaps can be detected and filled as shown in

Figure80.
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Figure79. Identified arc segments with different colorgéaps are marked witlted circles)
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Figure80. Identified connected arc segments (deep red color represents filled gap)

By using 4 peaks ifablel4, zirconia coated carbonyl iron partidlmagecan be recognized. As
shown inFigure81, the recognized arc segmenare representedpeak by peaklf a gapsizeis

larger than gap tolerancegépmay), it is considered as disconnected two sashown inpeak 2.

Even though one peak cannot find entire ciesuhrcsfeature, combined 4 peaks represent good
recognition of input imageFigure82 showsthe reconstructed microstructure of circular arc.
This example indicates that the 2D Cylinderlet based method can be used as recognition of
circular feature in 2D image domaiRurthernore, the peak values already provides the center
coordinates, radii and start/end points of the arc, it is possible to construct explicit

microstructuremodel using the 2D Cylinderlet based method.
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Figure81. Recognized arc segment
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9.4.3 Example 3: Cross section of nafiber compaosite

Figure83. Cross section of nanfiber composite

Another example image is used to demonstrate capabilitthef2D Cylinderlet based method.
Figure83 shows a cross section of nafiber composite[26]. One circle is ithe middle of the
imagecan e identified by the 2D Cylinderlet based method. Sitiee 2D Cylinderlet based
method uses binary input imaga,simple edge detection image processing method is used to
convert it to binary imageCannyalgorithm[28] is used with threshold and smoothness factor.
Figure 84 represents 250*250 size binary image odno-fiber composite bycanny image

processing.
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Figure84. Cross section of nanfiber composite binary image

This image is consisted with sevesahall circular arcs which can be ecognized by the 2D
Cylinderlet based methodWhen the small circular arcs are recognized to each other, gaps
between circular arcs are inevitable. Therefore, tieleoverlaying methodglays an important
role in the process of recognitioiiablel5 shows center coordinates and radii fraime circular

Radonlike transform which correspond to circular feature in the imaG&ure84. By using
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three peaks imablel5, the circular feature in the imagEigure84 can be recognized. As shown
in Figure85, the recognized arc segments are represent€dearc segments arglentified using

the 2D Cylinderlet based methotf a gap exists in the arc segment, the cioslerlayingmethod
detects agap and fills with same radius tiie arc segment. Since the input image is not a
perfect circle, it is impossible to recogniaecircular arc with one peakalue However, three
peaks inTablel5 can representeconstructed circular feature in the 2D image domain shown in

Figure86.

Tablel5. Peak valuesorrespond to circular feature

Recognized center coordinat| Recognized radiu

Peak 1 (131.5, 125.8) 104
Peak 2 (126.4, 123.7) 108
Peak 3 (116.3, 121.6) 115
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Figure85. Recognized arc segments
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Figure86. Reconstructectircularfeature in 2D image domain

Even though three peaks recognite circular feature, it still has unrecognized part shown in
Figure87. There is couple of reasons that why some feagwannot berecognizedOne reason
is that if a circular feature has center coordinates outside of image domain, it could be

unrecognizable. The other reason is intensity valua. fidius ofa circularfeature is too small
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compare tothe other radiiof circular featuresn the same image domain, the intensity vahfe
small circular feature also can be a smaller than the intensity value of large circular feature.
Therefore, clusteng technique may disregard the small radius of circular feature due to the
small intensity value A and B shown iRigure86 are theexample of the first casd&ven though

it has some unrecognizable portionmicrostructure model ofcircular featurescan be
constructed explicitly usinthe 2D Cylinderlet based method, providing center coordinates, radii,

and start/end points of circular arcs.

reconstructed image

240

50 100 150 200 250

Figure87. Unrecognized part in the circular feature
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9.5 Summary

This chapterexplainsthe recognition of2D non-linear featuresin a microstructure domain. In
order to dothat, the 2D Cylinderlebased method is used’he2D Cylinderlebased method

includesthe 2D circular Rado#ike transform followed bythe circle overlaying method. Each
recognizedD circular ardeature is used to construexplicitnon-linear microstructure model

This chapter contributes to answthre research question 1 followed ltge hypothesis b.

The lypothesis of this researchuestionis validated in this chapter by showing the proces
recognizing nodinear geometric featuresZirconia coated carbonyl iron particend a cross
section of nandiber compositeare used as examples as welltlas synthetic circular arc image.
By using those examples, it is possible to demonsttiagerecognition of nodinear features
using 2D Cylinderlet based metho@ihe 2D Cylinderlet based method allows cansting
explicit microstructure model, noviding center coordinatestadii, and start/end pointsof

circular arcs.

Circular arcs are simple form of ntinear features. The 2D Cylinderlet based method
recognizes the geometric features and it helps to achia reverse engineering of material
process, shown irFigure 2. This method provides an explicit form of nlimear features,
specifically circular arcs by givingnter coordinates and radiiBy completing this step, a

heterogeneous CAD system can be achieved.
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CHAPTER 10
STRUCTUREPROPERTY RELATIONSHM

This research aims to establish structym@perty relationship of microstructure. Ichapters 5

to 9, methods forrecognizing geometric features in microstructure data shown Recognized
geometricfeatures are essential elemento build a structure-property relationship. By using
achieved geometric features, a microstructure model can be constructed and its prdge
information can be integrated. In this chaptarstructure-property relationship of constructed
microstructure model is exploredSpecifically, the elastic modulus of the material for the

structure-property relationship will be focused on this resela

10.1 Research question 2

The objective of thishapteris toanswers research question 2.

a / Ithg structure-property relationship of microstructures be established using

0KS YAONRAGNUzOGdzZNBE Y2RStf FNBY NBO23yAil SR
In order to solve thE question, the hypothesis is proposed.

GwSO23yAT SR H5 fAYSIEN FSIFi{idzNBa Oly 0SS dz
are used to form a microstructure model of grains. The microstructure model will

be utilized as input to a computational engineering analysis tool so that effective
mechanicalproperties can be calculated. Byrsuingthese processs one can

establishthe structureLINR LISNIi & NBf I GA2YyAKAL) 2F YAONRA

The poposed research question 2 and its hypothesis focugshen2D linear features. To be

specific, in this research IN1@@aterial is used to prove hypothesis®.specific polycrystalline
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Ni-base superalloyiN100,s widely used in high temperaturgpplicationsuch as turbine engine
components becauseof its enhanced strength, creep, fatigue and corrosion resistance at
elevated temperatures[22]. Structureproperty relationshipfor this material at micrescale

would be used to establish heterogeneous CAD system mentioned in chapter 1.

10.2 Structure: Construction of microstructure

In order to answer research question2, constructingiarostructuremodel is the first research
task.Chapter 6.2 shows theonstructed model of IN100 usinige 2D surfacelet based method.
Allintersection points are identified ancbordinatesof intersection pointsare calculatedWhen

line segments are placerose toeach other, it is considered that they share the end poiBly
finding a shared point between two linsegments withina tolerance, it is pssible to connect

line segmentsRepeating this step produces a closed l@pa which can be considered as a
grain shown inFigure88. Figure88 shows a microstructure model achieved by two different
methods.An explicit microstructure model of IN100 can be provided by showing coordinates of
each points and its connectivity informaticchown inTablel6, Tablel7 and Figure88. In Table

17, if more than 2 points are connected and share a vertex, the smallest number is used as the

representativenumber.
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Tablel6. Coordinates of each point corresponding Figure 88 (a)

Point | Coordinate Point | Coordinate Point | Coordinate
1 (32.99, 82.50) 11 (194.33, 135.14) 21 (76.25, 132.00)
2 (32.00, 180.91) 12 (302.00,181.91) 22 (170.78, 71.10)
3 (170.78, 71.10) 13 (32.99, 82.50) 23 (131.74, 135.40)
4 (132.42, 75.97) 14 (32.00, 180.91) 24 (159.58, 162.84)
5 (194.33, 135.14) 15 (0.00, 234.36) 25 (242.85, 180.81)
6 (76.25, 132.00) 16 (132.42, 75.97) 26 (0.00, 49.90)
7 (242.85, 180.81) 17 (95.51, 133.18) 27 (0.00, 0.00)
8 (131.74, 135.40) 18 (170.78, 71.10) 28 (302.00, 0.00)
9 (184.53, 0.00) 19 (32.26, 154.46) 29 (0.00, 253.00)
10 (159.58, 162.84) 20 (194.33, 135.14) 30 (302.00, 253.00)
Tablel7. Cycle of line segments, forming grains

Connected points in order
Grain1 | 26, 1(=13), 19, 2(=14) , 15
Grain 2 | 15, 2(=14), 19, 6(=21), 17, 8(=23), 10(=24), 5(=11=20), 7(=25), 12, 30, 29
Grain 3 | 19, 6(=21), 17, 4(=16), 3(=18, 22), 9, 27,12613)
Grain 4 | 17, 8(=23), 10(=24), 5(=11=20), 3(=18=22), 4(=16)
Grain 5 | 3(=18=22), 5(=11=20), 7(=25), 12, 28, 9
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Figure88. An explicitiIN100microstructure mode) showing connectivity information
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In the 3D microstructure model, a linear feature in 3D space is represented as large region.
Therefore,a shared edge between two large regions is the most importaature to construct

a 3D microstructure grain model. Dated stepsfor findinga shared edge between 2 regions are
explainedin chapter 8.5. In order to find shared edge, large regions in 3D space are needed to
be determined first. Peak values frame 3D Radon transform are usedtime plane overlaying
method, yieldingplanes, which contains lineafeatures.Then, he plane, produced by the plane
overlayingmethod, is flattened ontothe 2D domain and connectivity of each pixel is checked.
Pixelsthat havea high connectivity valugprm a largeregion After a large region is founish 2D
flattened planeit is returned to 3D space. When largegionsare recognized in 3Bpace voxel
indices shared between two linear featuresed to be foundBy findinga line of shared voxsl

indices ashared edge cahe identified anda 3D microstructuremodel can be constructed.

10.3 Structure -property relationship

10.3.1 An explicit microstructure model and its orientations

In this researchstructure-property relationshipis establishedusing IN100 2D linear example
(2.68 X D0 > Y. TheEulerangles of each grain haveeninvestigated byLeonhard Eulefl],
which can represeneach grainits own local orientation. The locabrientations of each grain
allow us to calculate rotation angkein global coordinate system faach grain.
Three elemental rotations ithe Euler angles{ b, 2) compose a rotation matrix R].
Y O] Q1 @dr
WET | W&IEN T | Q& | GEQEITT QENT Q&I T1{0RY |1 Q& T

QET T i Q&I | O TQEDRY Fﬁ)é [ 11 GOl i "Qg)f: il iy
i Qe1 i Qer weil i Qe we i f
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By using tfs rotation matrix Equation (21) local orientatiols of each grainrepresentedby
global coordinate system can be obtainddgure88 (a) shows different grains im 2D IN100
microstructure model recognized lifie 2D surfacelet based method. Each grain has different
orientations represented by Euler angleBguation (21)s usedto calculate rotation angles for

each grainshown inTablel8.

Tablel18. Euler angles of each grain and its projected rotation angle

i Projected rotation angle
i y
©
Grain 1 3.25 2.19 4.72 136.57
Grain 2 2.19 151 5.10 119.45
Grain 3 0.11 1.11 5.52 10.05
Grain 4 2.94 1.98 5.77 146.86
Grain 5 571 1.11 3.34 156.59

Each Coordinate of point is already determined showiidhle16 and connectivity information

of each line segment is also representedrigure88 (a)and Tablel7. This information allows us

to construct an explicit INLOO microstructure model. A cycle of line segments forms an area that
can be neshed with higher order 2D 8node element. This type of element has quadratic
displacement behavior and is well suited to modeling irregular mesWésen the mesh is
created in the grain area, the orientations of each grain are also applied to the maudi&. Fi

element model for ANSYS is showrigure89.
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Figure89. Finite element model of IN10@ith grain boundaries and ogntations

10.3.2 Cubic crystal material

If the material is cubic symmetry, the constitutive law for this material is particularly simple, and

can be parameterized by only 3 material constastsown in Equatio(22) [29].
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This is virtually identical to the constitutive law for an isotropic solid, except thatshear

Y2RdzZ dza D Aa y2i

NEfFGSR 2 GKS t2Aaal&ighQa NI G

in isotropic materialThree material constants of IN100 are given showfahlel9[22].

Tablel9d t NRLISNIié 2F Lbwmnn
Cll(MPa) |Cl2(MPa) | C44 (MPa)
135,000 59,210 81,515

The relationshig29] between the elastic constants are

0 6 0 |
% - -
0 0

g 0 T6 0

w o 100 O

=0.3049

o) P@d cod O

YA ONER & (i NdzO (i dzl

(23)

Using these elastic constants in ANSN&effective elastic moduli of x direction and y direction

can be calculated. The effective elastic modulus of x directiog)(Excalculated with simple

boundaryconditions. Aeft vertical edge (y axis) is fixed while a right vertical edge is pulted 5

in x direction. Properties of each grain are applied depending on its orientations.
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Usingthe conditions abovethe effective elastic moduluor the x direction is
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Similar to Ex, Eys is also calculatedising similar boundary conditions. Bottom horizontal
edge (x axis) is fixed while a upper horizontal edge is pulleah 51 y direction. Properties of

each grain are applied depending on its orientations.
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Using conditions abovehe effective elastic modulufr the y direction is
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Displacemenfield in x directionand y directionare shownin Figure90 and Figure9l. It is a
simple simulation but the displacements are distributeah-uniformly. Even though it is cubic
symmetry material, which has same elastic constant on 3 a&f&sstive elasticmodulion x and

y directions are different (Ex= 172.87GPa, Ey= 115.41GPa). The effective elastic modulus on

x direction is increased 73.91% compare to input elastic modulus calculated in Equation (23)
while the effective elastic modulus gndirection is increased 16.69%. This result indicates that
the x direction is stiffer than the y direction. This is becahseshear modulus G is not related

to the Poisso® ratio and elastic modulus through the usual relation in isotropic material. In

addition to that, the orientations of each grain affesdasticityfor each grain.

Theobijective this research is to establish structure property relationship for microstructure.
property of the constructed microstructure modés$ calculated using origations of each grain

and elements of compliance matrix.

10.3.3 Orthotropic material

Hypothetically, ifthe material isan orthotropic materialand hasthe same grain orientatios
introduced in section 10,3t gives different results from cubic crystal matéria this section,

the material is assumei be anorthotropic material.

An orthotropic material has three mutually perpendicular symmetry plaseshat its material
properties are, in general, different along each axis. An example of this type ofiahasea
metal which has been rolled to form a sheet. Since a rolled sheet metalops aranisotropic
structure during rolling, the properties of the two transverse directions and the property in the
rolling direction will be differenf30]. If IN100 material is assuméal be anorthotropic material,
similar to rolled sheet metal, it can be expected that higher elasticity in one direction than the

other 2 directions.
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Orthotropic material has 9 independent material constarjgi].

material is shown in Equation42[29].
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(24)

The constitutive law for this

Assume that 9 elements are givéme values shown inTable20. These values allowalculating

elastic constant using equation429].

Table20. Independent element value of compliance matrix for orthotropic material

Ci1[GPa]| Gz2[GPa]| G3GPa] | Ga[GPa]| Gs[GPa]| Ge[GPa]| Gi2[GPa]| Gs[GPa]| Gs[GPa]
14.4 14.2 137 7.2 6.2 3.6 7.4 7.7 7.4
0 6 0 ¢c6 6 0 0 0 0 0 0 0 o
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Note that notation of this system is not conventional x, y, and z order. Notation 1 refers a
normal vector direction, and notation 2 refersvartical direction (conventionally y direction)

while notation 3 refers a horizontal direction of the material (conventionally x direction) shown

in Figure92.

X, = y direction
A

—

X1 = z direction

material

X3 = x direction
>

Figure92. Notation used in orthotropic analysis

By using these, effective elastic moduli can be calculated with same boundary conditions

described section 10.3.8tress and strain results are shownmable21.
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Table21. Stress, strain and effective elastic modulus on both x and y direction (Orthotropic

material)
X-direction Y-direction
Y, v Y, v
Strain T — — o fo — @ — o
) g o80T P8 Wp ) & @ Y o INORoN()

0 p1dpF pf
a QEQQO & Y 0 pra g p ft

Stress 500 d
aarane  omn | %9
v & POL &
Effective elastic
modulus Ow 1 @iono Ow p®IHO

The material is assumetb be anorthotropic material, which has aligned grain irdixection.
Therefore, elastic modulus in x direction is much larger than the other directions, indicating that
this material is stiff in xirection. When the orientation oéach grain is applied, aligned grains
have different orientations, affecting elastic moduli in both x and y directions. Hence, the
distribution of displacement of both x and y directions (showrrigure93 and Figure94) are
non-uniform patterns. The effective elastic modulus in x direction decrea68s77% while
elastic modulus in y direction increases 39.28%. Before applying the orientation angles the
material has aligned grains in x directiaand thenthe orientation affects alignment of the
grains, causing reducing elastic modulus in x directt@m.the other hand, y direction elastic

modulus increases due to the orientations of the grain by havingrganized aligned grains.

The research objective is to achieve structpreperty relationship for microstructure model.
The geometric features ohé microstructure are extracted by the proposed method in Chapters
5, 6, 8, and 9An explicit geometric modedf microstructure using captured geometric features
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is successfully performed in previous sections. If material constant and orientatithe @jain

microstructureare given, it is possible to have structupeoperty relationship.

NODAL SOLUTION

9 5

Figure93. Displacement distribution of orthotropic material in x direction
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Figure94. Displacement distribution borthotropic material in y direction

10.4 Summary

This chapter explores structiygoperty relationship of microstructure. Structure of
microstructure can be obtained using proposed method explained in chapter 5, 6, 8, and 9.
Recognized geometric features ugimlifferent kinds of surfacelet based methods form an

explicit microstructure model by finding shared points or edges.

In this chapter, INL100 material is used to demonstrate a struepuoperty relationship. A
structure model is constructed by the 2D fagelet based method and each grain has different
orientations. When the material has cubic crystal structure, effective elastic moduli in x
direction and y directions increase compdrt input elastic constants. This is because the
shear modulus G is notlated to the PoissaB ratio and elastic modulus through the usual

relation in isotropic materialln addition, the material is assumed to be orthotropic material,
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which requires 9 independent elements in compliance matrix to calculate elastic consthigs
type of material produces different values of effective elastic moduli in x and y idinsctThese

simulations providene relationship, structur@lastic modulus of material.

The most importanfactor in this research is that an explicit microstructure model is used. An

explicit microstructure model can provide specific coordinates of each vertices, points, and
edges. This representation is consistent with the representation that is used in current CAD
system. A microstructure model with property relationship can be integrated into a current CAD

system and this enableéhe development of dneterogeneous CAD system.
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CHAPTER 11
COMPARISON AND CONASTOF THE METHOD

Thisresearch aims to develop a new method @&ogetric reconstruction for microstructure.

The method, a surfacelétased method, represents a different approach to microstructure
guantification methods than conventional statistical and voxel modeling approach. This chapter
compares the surfaceldiasal method with conventional microstructure quantification

methods used in the Material Science area.

11.1 Statistical approach

Mathematically, dcal stateis defined at the length scale of interest by averaging the
information over all the length scales below tiselected length scal¢32]. The form of a
probability distribution at a particular material point describes a local staxplaining meanef
finding a particular local state isome small neightrhood around a mrial point. The local
state distribution summarizes volume fraction information and, is the most -kvelvn
statistical measure of microstructur@rientation distribution function@DF is one of the most
studied local state distributions in metal alloy for representing processing/property relationships
[33]. By using ODF, each distinct lattice orientation can be explained as an independent local
state. The spatial distribution of local states in the material internal structure would be limited
even if the user hadefined the local statesf interest and the corresponding local state space.
N-point correlations provide a rigorous statistical framework to define the spatial correlations of
local states in the microstructurg34]. Since distributions on local state spaces reflect the
probability density associated with finding a specific local state of intehnesit, a point selected

randomly in the microstructue, they often are termed-point statistics. 2point correlations are
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expanded versiomof the basic concept that capture the probability density associated with

finding local statesh and h' at each end of finitdength vectors thrown randomly into a
microstructure imagel-point probability function represents the phase volume fraction that is
O2YY2yfteé dzZaSR Ay OflaaAaldlt K2Y23SyAllBR2y YSif
2-point correlation is usefulor characterization ophase distribution, morphologyand spatial
arrangementand heterogeneity of microstructure feature. Also, it has been used in statistical
mechanics based modelfor computation of mechanical and physical progpes of
heterogeneous materigl35, 36]. 2-point correlation function describes grain sidistribution

and hierarchy of statistical measures of the microstructuFairthermore, it can incorporate

distribution and interaction of two phases as well as information on the shape and morgholog

of each individual phase.

Mathematically, local state is defined at the length scale of interest by averaging the
information over all the length scales below the selected length &l 2-point correlation
function is good enough to provide information for microstructure recongions, where
reconstructed microstructures are statistically accurate. Different reconstructions can span the
range of real microstructureddowever, 2point correlation functions give only probabilitf
finding two points in given positions separated la given distance. Therefore the design of
heterogeneous material from only -@@int correlation functions can result in several
microstructure case$35]. In terms of modeling, thesurfacelet basednethod generatesan
explicit geometric reconstruction model, which providesordinates of verticedor linear
features center coordinates, radius for ndmear features Additionally, the surfacelet based
method generates consistent resultssing explicit equationsecause the reconstruction model

is based on the imag&herefore,microstructuremodel can be easilgonverted to current CAD

system. However, the surfacelet based method highly depends on the quality of image.
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Furthermore, the surfacelet based method cannot capture the range of strtrciures that

actually @wcur while2-point methods can.

11.2 Dream3D

It is important to obtain acaate microstructure model in 3ecause it allows predicting
structure-property relations. The accurate microstructure model contains size, shape,
orientation, and spatial arrangement grains, which can have a significant influence on the
microstructure properties of materials.Drean8D isa program, providing quantification of
microstructumal features in 3D and generatingf statistically equivalent microstructures.
Dream3D is intendedo designquantification of microstructural parameters as well as their
correlations to define morphological characteristics. Then it generates statistically equivalent
synthetic microstructure mdel. The input data are thiarm of statistical characteraion data
obtained from seriakecioning of microstructure The size and shape measurement collected
from 2D sectins and then extrapolated to 3[2an have potential error in representing the

actual 3D distributiori37] [39].

Similar to Dream3D, he sufacelet based method also uses 2D images to reconstruct
microstructure modés. The reconstruction method in Dream3D uses the statistical models to
generate a model of grains, where each grain is modeled using a collection of polygons.
Dream3D grain representation is the same as the surfacelet based methatliéh explicit
geometic equations are constructed for grain boundariébe difference ishat the surfacelet

based method uses mathematical conversion in the process of generating microstructure model,
instead of using statistical information. Therefore, geometric features the constructed
microstructure model have each mathematieuation so that it can beeasily convertedo

parametric form used in current CAD systerfihe avantage ofusingthe surfacelet based
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method is providingconsistent resul for users whereashie Dream3D conaicts a statistically
equivalent, butdifferent microstructure modelThe surfacelet based method directly extracts
geometric featurs from imageso that itwill produce the sameesultswhen it runs However,
the Dream3D willconstruct a dferent microstructure since it samples the statistical

distributions each time it runs.

11.3 Voxel modeling

The research about reconstructiavith voxel modeling fomicrostructure hadeenconducted
Representations of microstructure using vorebdelingprovide physical location within a 3D
volume so that its properties, density, color and more can be descriBgd Most of CAD
systens are simply urable to manage spatial variations in material properti€kis isbecause

that most designprogramshave been built upon a surface modeling paradigm whersolid'
object is defined as an object enclosed by a set of discrete boundaries. This is known as
Boundary Representation or Brg¢p7]. On the other hand, voxel representat®mffera new
paradigm where objects can be defined as a dense representation of material properties
throughout a 3D volumeThe voxel modeling converts microstructure data directly to 3ie
modeling includingits material property informationThe surfaeletbased method, on the
other hand, uses microstructure data mathematically to convert microstructure models and
then its properties are connected to the modaking another processlt is much more

complicated process to establish structypeoperty relationshipg compare to voxel modeling.

The advantageof the surfacelet based method is accuracy. For exantpke surfacelet based
method generates explicit information of each geometric feature so it provides specific center
coordinate, radius and stgrend point of the curvature. On the other harithe voxel modeling

is a fast and fully automated mesh generation technique, where the elements are directly
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created from the 3D datasdd0]. However, representation of curvature with jagged inner and
outer surfaces might caesnumeri@l problems. Marks and Gardneshowed that the use of
unsmoothed geometry could result in a lack of convergence for elements with sharp
geometrical discontinuitigd1]. In addition, if a voxel modeling achieves a moderate accuracy

then, it requires a large number of freedora].

11.4 Compression

Material image requires large storage spacespecially fo computational material design. For
example, a small 3D material image with the size of 1000x1000x1000 resolution has 1 billion
pixels [26]. Therefore, this image may have a size of hundredsnefabyteseven with a
compressed formasuch as JPEGherefore, data compression for material images is important.
The surfacelet based method includes the Radon transform and the peak values are selected
from the Radon transform coefficient domain. From the input image to the selected peak value,
data arecompressed to reconstruct geometric featurd3ata compression by the surfacelet
based method will be described in this chapter, comparing compression ratio with different data

compression method.

The2D surfacelet based method uses gray scale JREGewith size ofn x m pixel In order to
recorstruct geometric features from enicrostructure image, the 2D surfacelet based method
only requires peak valuga the Radon transform coefficient domaifihe peak value provides
the angle of the linear feature (@nd the distance of the feature from the origin (b). By using
and b, it is possible to reconstruct a linear featurberefore the number of geometric features
(k) require k x (h, b) numbers ofdata for recongucting the geometric features in x m pixel

image domain
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Figure95. 2D IN10dmage (smoothed)

IN100 2D image used in chapter 6 will be used as an example sh&iguir95. The image size

is 302x 253 pixels with gray scale, which is 611,288 302x 253) bytes. The image of IN100 is
applied to the Radon transform. The Radon transform generates 363 x 181 coefficient domain,
which is 525,6248 x 363 x 181) bytes Data compession ratio is defined as the ratio between

the uncompressed size and compressed i3k

i B mr@éé&)édr‘]ii'ﬂhd'@n
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Therefore, the compression ratio1s162. Then, peak values are selectedider to reconstruct
microstructure model In this exampleonly 14 peaks are selected and each pealueais
represented {, b). Thereforesinceonly 28 flating points are required, the compression raigo

21,830

Huang conducted eesearchabout retrieving the image pixels from the surface integrals based
on feature identification reslis [26]. By the complete of forwardand inverse surfacelet

transform, the compression material image datas reconstructedin the surfacelet transform,
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surface integrals are obtained from image pixdtkiang et altried to use three different
constrained conjugatgradientbased methods ¥h combinations of boundary constrasmand
inner constrains on internal distributions to solvile inverse problem of retrieving image pixel
values from surface integrd6]. They used a gray scale nandiber composite imageThe
cylindrical surfacelet is used to reconstruct circigaometric featuresTotalnumber of pixel for
image is 3600 (20 x 20 x 9) and the number of pixel for the surfacelet is TI8FSompression
ratio he obtained is 1.92which is very small number compdrto the compression ratidrom

the surfacelet basedhethod (21,830).

11.5 Summary

This chapter compares the surfacelet based method with different approaches, which are
designed to reconstruct microstructure model3he surfacelet based method provides
consistent reconstructed model meanwhile statistical approachgspint correlation and the
Dream3D, generate different microstructure models since it samples the statistical distributions
each time it runs.Additionaly, the surfacelet yields an explicit geometric model, which is
convenient form to be converted to CAD systérhen, properties of the microstructure model

will be connected. Therefore, the heterogeneous CAD system can be achieved.
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CHAPTER 12
CONCLUSION

The central goal of this dissertation was the development of a heterogeneous CAD system
which integrates parameters related tomaterial composition, microstructure, anchechanical
properties with geometry information. Structureproperty-process relationshipof material
need to bebuilt and integrated into current CAD system in order to support the heterogeneous
CAD systenilhe relationships allow detailed composition of actual material to be captured. This
research only focuses on a structypeoperty relatinship of micro scale. A new method for
reverse engineering of material is presentedcnstructan explicitgeometricmodel that can

be used as CAD representations to support a heterogeneous part modéimgexplicit
microstructure model can bachievedby capturing geometric features in the microstructure
image. The gometric features in the image can be defined as the structtepresentedby

lines, angles, curves, and othgeometricprimitives. Thesgeometricfeatures are captured by

the proposed methods, Surfacelet based method, and used for constructing a microstructure

model.

12.1 Answering the research question 1

This chapter answers research question 1 and its hypotheses. Research quéstion 1

a/ Iy leyeoBsfric feddre in the microstructure image be extracted as an

4
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12.1.1 Lineargeometricfeature modelin 2D
Hypothesis 1.ad | & dzNJF | OS f Shat inzlidas§He Radéhirénh&fdRm can

be used to detet linear features usingnfinite lines for 2D images, or bounded
planes, for 3D datasets, and this can prowadeexplicit geometrionodel of these

YAONRAGNHZOGdzNE TSI (dzNBa dé

Hypothesis 1.a states to extract lineggometricfeatures in the 2D image and3soxel data set.

In chaptes 5 and 6 explain the method to capture lingg@ometricinformation from the 2D
image domain and its examples. Chapteaxdinpletes how to recognize geometric feature in 2D
image domain. Orientation, position, and length of 2D linear geometric features are determined
by using proposed approachethe surfacelet based method, which includkatterfly wing
method and line ovdaying method.This methods proposed to answer this research quesfion

By using masking, clustering, and high frequency component of the wavelet transform, it is
possible to select appropriate peak values, which correspond to linear feature in the image
domain. Then, analyzing peak values using 2 approachésitterfly wing method and a line

overlaying methodallows recognizing geometric feature completely.

In chapter 8, 3D lineageometricfeatures are recognized by the 3D surfacelet based method.
The 3D Surfacelet based method include8D Radon transform followed layplane overlaying
method. Each recognized 3D linear feature is used to cons&u8D microstructure.The
hypothesis of this researauestionis validated irchapter 8by showing theprocessby which

the voxel datavasconstructed microstructure usinipe proposed method, 3D Surfacelbased
method. The 3D Surfacelebased method can be successfully used to recognize 3D linear
features with explicit form, which is the same represeniah system that current CAD system

use.Therefore, the hypothesis has been validated and the research question has been answered.
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12.1.2 Lineargeometricfeature in 3D

Hypothesis 1.ba b Aipear geometry featuressuch as circles or circular arcan

be recognized by the cylindricairfacelet based method, which can be used to
represent cylindrical singularities. The cylindrical surfacelet based method extracts
circular or cylindrical microstructure features as explicit geometry model from 2D

oro5 RFGFasShoeg

Microstructure includes not only linear features but also #dimear features, such
as cylindess or circles. A cylindrical surfacelet based method enabilegrs to
extract 2D and 3D nolinear features from the microstructure. The cylinderlet
based method usea cylinder shape to extracthe curvature boundary of the

microstructure feature.

Hypothesis 1.b states to extract ndinear geometric features in the 2D image. Chapter 9
explainsthe recognition of2D non-linearfeature in a microstrutire domain. In order to déhat,
the 2D Cylinderlebased method is usedihe 2D Cylinderlebased method includethe 2D
circular Rados#ike transform followed bythe circle overlaying method. Each recogniz@®
circular arcfeature is used to construatxplicit nonlinear microstructure modelChapter 9
contributes to answethe research question 1 followed kthe hypothesis b. The typothesis
1.b of this researcljuestionis validated in chapter 9 by showing the processecognizing non
linear geometic features.The 2D Cylinderlet based method allows constructiag explicit
microstructure model, providing center coordinates, radind start/end pointof circular arcs.

The research question is also answered.
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12.2 Research question 2

This chapter answers research question 1 and its hypotheses. Research question 2 is

a / lthg structure-property relationship of microstructures be established using

GKS YAONRAGNHzOGdzZNE Y2RSt FNRY NBO23yAl SR

12.2.1 Structure-Property relationshp

Hypothesis 24 wS 023y AT SR w5 fAYSIN FSI GddzNBa OlF
boundaries, which are used to form a microstructure model of grains. The
microstructure model will be utilized as input to a computational engineering
analysis tool so that effective mechanipabperties can be calculated. Byrsuing

these process one can establishthe structureproperty relationship of

YA ONR A& G NHzO (i dzNEB ¢

Integration ofmicrostructure, materiacomposition, andnechanicalproperties withgeometry
information aids many productievelopment activitiesSructure-property relationships enable
users to model heterogeneous CAD systems, which support notgenipetryinformation but

also material composition. By using features extracted from research question #1, a

microstructure mo&l can be constructed.

Chapter 10 explores structureproperty relationship of microstructure. Structure of
microstructure can be obtained using proposed method explained in chapter 5, 6, 8, and 9.
Recognized geometric features using different kinds ofasetet based methods form an

explicit microstructure model by finding shared points or edges.

In this research IN100 material is used to demonstrate a structpreperty relationship. A

structure model is constructed by the 2D surfacelet based method and each grain has different
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orientations. The effective elastic modulus can be calculated depending on the malterystal
structure. The orientations of microstructure model and its elastic constants are applied to an

explicit microstructure model.

The most importanfactor in this research is that an explicit microstructure model is used. An
explicit microstructie model can provide specific coordinates of each vertices, points, and
edges. This representation is consistent with the representation that is used in current CAD
system. A microstructure model with property relationship can be integrated into a cu@Aabt

system and this enableéhe development of dneterogeneous CAD system.

12.3 Contributions

To summarize, the major contributions of this work include:

9 This research contributes development of feature recognitiongeometricprimitives
(e.g., lines, circak arc$

1 The overlaying methods determine geometric primés quantitatively so it can be
utilized to construct an explicit microstructure model.

9 This research provides framework to establish an explicit microstructure modsing
the Surfacelet basethethod.

9 This research constructsructure-elasticproperty relationship of microstructure model

whichcan begreatlyusedto develop a heterogeneous CAD system.

12.4 Future work
As with any other research, this work has limitations. Outlined here are sdmhe duture work

that areworth exploring future.
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1 Constructing an entire 3D linegeometricmodelof microstructure

This research provides a feasibility of constructing grain model in the 3D space. Partially
recognized real data set is shown in tlesearch. The entire grains in the 3D voxel data set
can be found using the proposed method. However, this requires extensive mathematical
model for the 3D space and also huge computational resoudifesdo believe this work will

fulfill the completion ofan explicit model of lineageometric features.

1 Recognizing a nelnear feature other than circular arc (ellipsdstery shape)

A circular arc in the 2D image domain is focused on this research regardidineam
geometricfeatures in this researchA real microstructure image contains various types of
geometric features other than a circular arc. It is worth to develop a mathematical model for

various geometric features so it can be applied on the Surfacelet based method.

1 Automation of recognizing hgeometricfeature in both 2D and 3D

The Surfacelet based method includes the Radon transform followed by overlaying method
(for 2D linear case, a butterfly wing method can be substituted for a line overlaying method).
During the process, tolerance valyekreshold values, or other parameters are needed to
be adjusted feature by feature in one image domain. However, if one can use optimization
method to find universal numbers for each parameters for one image domain, it would

greatly aid the proposed metd to be automated.

1 Exploring various effective mechanical properties, which can be integrated into an

explicitgeometricmodel
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This research explored the effective elastic modulus for establishing stryotaperty
relationship. Tk elastic modulus is one of the common mechanical property in Mechanical
Engineering field. On the other hand, other common mechanical properties, such as thermal
expansion coefficient, compressive strength, or hardness etc., can be also investigated. This

would help to accomplish a structuq@operty relationship for microstructure model.
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