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SUMMARY

Computational material models help establish strugbuoperty relationships by
simulating properties, and are modieefive when physicalfpased. The length and time
scales of each simulation are constrained both byaintypeand computing power.
Significant uncertainty can arise when models attempt to bridge across length and time
scales, especially when using different model constructs. Hierarchical multiscale
modeling (HMM) links models at different scales by informing pagters and form of
higher scale models based on lower scale simulations, which can reduce uncertainty. The
combination of diverse information sources in HMMs requires rigorous approaches to
evaluate uncertainty propagation. In the pursuit of improved method empirical
testingand developmenof model hierarchies, four approaches in which information is

coordinated amongst multiple models are presented.

(2) In a reconciled togown and bottorup approach, a likelihoebased model
calibration method ismpposed, and bcc Fe crystal plasticity (CP) is used to demonstrate
the compatibility of information pathways. (2) A statistical volume element (SVE)
ensemblébased homogenization scheme of two models of cartridge brass polycrystal
plasticity is used to imrm a BammamChiesaJohnson macroplasticity model with
local variation in parameters. The effects of SVE size and model form on the
performance of the homogenization in bridging microstrecuariabilityto macrscale
uncertainty are explore@3) A multiscale model development framework is outlined for
the reduced order modeling of mesoscale variability in cartridge.brhssvariability in

SVE simulations isincluded with the results of a series gphericalmicroindentation
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experimentsn a multiscée data collectionAn initial study of the modeling involved in
connecting the two length scales is perform(@jl.In a CPfinite element method (FEM)
based Materials Knowledge System model &Ti, the influence oftexture is
considered. Texture is parameterized using generalized spherical harmonics. -The CP
FEM model is used with polycrystalline SwWhsembles to calibrate the MKS model

across different textures, sampled accordingntancertainty reduction criterion

Results 6the work suggest that data collection isespeciallycritical step in the
formulation and deployment of hierarchical multiscale madélse use of bottormp
information in calibrating a multiscale model is shown to be susceptible to bias. A
multiscale approach to coarsgrained simulations of polycrystals at the mesoscale is
proposed. An approach tutomatingthe data collection for a reducedder model of
microstructure sensitive resporiseshown to be competitive with manual data selection,

prior to full optimization of the automated approach.

XXViii



CHAPTER 1. INTRODUCTION

Scientific models infer knowledge from measuremeiitss relationship often
limits insight to domains in which data can be readily gathered. Gathering data is a two
part problem. First, measements must beobtained, often through demanding
experimental procedures. Second, data must be selected which is relevant to the identified
problem. In the multiscale modeling of material deformation, this second step becomes
an increasingly complex cowmlgration. With respect to the demands of this emerging
challenge, the theme of this dissertation is data selection in multiscale materials science

models of deformation. The following context is offered to motivate this theme.

1.1. Motivation

The frontier ofhuman knowledge is continually changingcientists uncover
knowledge by improving descriptions of reality. Technologists and engineers advance
human knowledge by using knowledge to find improved solutions to the problems facing
humanity. Materials scieists and engineers are tasked with both of these mis$iona.
materials scientist, a correct description is only half of the goal. In the work which

follows, the fidelity and the usefulness of a solution are often considered jointly.

These attributesam be defined for this introductioRidelity refers to the extent
to which a description of a given process reflects the most complete description of that
process availabldJsefulness indicates the extent to which the description can be used to
inform decisionrmaking. There are many types of decisions (e.g. materials design,

research fundingllocation etc.) and each decision is accompanied by unique barriers to



the application of scientific knowledgén materials science, a compromise between
fidelity and usefulness is often made in the formulation of new descriptions of

mechanisms.

Materials science has uncovered a diversityhi@ physical mechanisms which
give rise to solid mechanicsThese mechanisms often influentee properties of
materials atength scalefar removedrom the length scale of their physical description.
There exists ongoing research to refine the details of these individual mecharhems.
technology which is built on this knowledge must balance the influence of every relevant
mechanism. The challeng# finding this balancgrows more difficultas morematerials

knowledge is discovered.

Computational models of materiagemplify a tool builtout of materials science
knowledge A simulation of a material cabe beneficial wherdemanding industrial
applications cause the material to f&ly using a simulation to investigate the failure,
design variables can be explored systematically to find a solution, minimizing the
expense of experimental trial$\s computation has becomecmasingly capable,
computational modeling researblas produced increasingly nuanced descriptions of the
deformation of materialsThe growing category of microstructure sensitive moaéls
material deformationdemonstrate this trendAs model complexityincreases, some
approaches have emerged which connect multiple models across length scales in a

multiscale treatment.

Multiscale modelingof materialsis an approach todescribing the multiscale

interactions which are a hallmark of materials under defoomaln a multiscale



modeling approach, multiple material models are usually connected across length and
time scales in either a concurrent or a hierarchical arrangententoncurrent
framewor ks, the model sé separ atdebousdprat i al
solution. In a hierarchical framework, the models are joined through the values given to a
parameter set which issed as a connection between moddlkile both formulations

have been used in the field, the work of this dissertation addressesierarchical

multiscale approach.

In 2008, integrated computational materiatgieeering (ICME)was designated
as a major research objective in materials sci€hlaional Research Council, 2008)
Numerous benefits were listed to motivate the pursuit of the integration of computational
materials science tools into a holistic framework and engineering design in gdineral.
development of @nnectons between modelsvas mentioned as a scientific and
technological challenge among many others forecast in the rdpgetexploration of
new modelmodel connection strategies is taken ughiis dissertation irsupport of the

larger goals of ICME.

Tools and companieshich exenplify the goals of ICMEhave and continue to
emerge CALPHAD (which stands for calculation of phase diagrams) methodology
which has given rise to many software tools which are important to ICME efforts
(Spencer, 2008)ThermaCalc Software is a company whose CALPHABsed tools are
used in research and in@igations (Andersson et al., 2002he work of QuesTek
Innovations LLC in computational materials designineovative and formalized he

process structure property mas a means of arriving at a holistic consideratiothef



mechanisms affecting a materidKkuehmann and Olson, 2009No well-known

commercial solution yet exists for the multiscale modeling of material deformation.

The devel opment and i mprovement process
intended applicationModels are typmally focused on either providing a scientific
description of a phenomenon or extracting the relationships relevant to practical decision
making. For the current discussion, these categories will be referred to as scientific
models and design models. Mosleequire calibration to make predictions. To improve
those predictions a researcher may improve the calibration procedure, reduce the
uncertainty of the model, or bring additional decistelevant information to the decision
maker, in the case of a designodel. Each of these options is explored within this

dissertation.

Multiscale modeling provides challenges to researchers in addition to the
challenges of creating a model at a single sddle mostdramaticexample of the issues
facing multiscale moders is taken from physiaghich govern the largest and smallest of
scales The cosmological constant problem is a reference to the 120 orders of magnitude
difference between the quantum field predictions of vacuum energy density and the value
which is comistent with astronomical observatiof8dler et al., 1995) This stark
disagreement has yet to be resolved, despite the fame of the problem. Additionally, the
theories used in each approach have not been falsifiedsiyrédictive errorThe length
scales of concern to materials modelers @ss ramatic in their range. Neverthe|¢lse
multiscale modeling of solid mechanics presents the same epistemological problem: if
two modeldrom different scaleare in disagreement, how can they be used appropriately

in combination?



The specific apptiations of multiscale modelingf materials deformatiomclude
problems ofdata selection. In order to calibrate a multiscale model, data from many
different sources ight be consideredGuidanceregarding the datappropriatefor a
given application hasiot yet been established for multiscale models. Broadhg
following chapters presemspecific examples of problems in multiscale modeling of the
deformation of materials and the innovations in data seleappnoachesvhich inform

these multiscale mote

1.2. Formal Objectives

In the spirit of ICME and in the pursuit of improved multisespeecific methods
of directing model improvement, the following objectives in the multiscale modeling of

material deformation are addressed by this dissertation:

1. Devebp a method for including information from multiple length scafes
the calibration of a hierarchical multiscale model and demonstrate that
method with a multiscale model of bcc Fe crystal plasticity

2. Explore reduced ordemodeling of microstructure setise response of
cartridge brass to stress for the effects of model form and SVE size on the
fidelity of mesoscale variability predictions

3. Investigate the feasibility of gathering data at multiple length scales for use in
the development of a multiscaledreced order model of material deformation

4. Formulate a parameterized data selection method and apply it to-dridata

tool for homogenization of material response



1.3. Organization of Dissertation

The dissertation is organized into Chapters as folld@lapter 2 provides a
comprehensive literature review of the material related to the content of multiple chapters
of work. Chapter 2 is further divided into sections which correspond to the fields from

which the collected references were obtained.

The objedives of the dissertation are approached in the four chapters which
follow. Chapter 3 addresses the reconciled 4dpwn and bottorup multiscale
calibration of bcc Fe crystal plasticit¢hapter 4 contains work on the model form and
SVE size effects of reaed order modeling of mesoscale variability in polycrystalline
cartridge brass. Chapter 5 is directed towards the develoghemtroindentation as a
source of data for calibrating models of mesoscale variability. Chapter 6 documents the
development of aystematic data collection procedure for llmenogenization of texture
effects in the deformation responseafTi. These chapters are internally structured with
introductions, literature backgrousydnethodologies, and discuss®mhese case studies
are organized in this manner to maintain consistency with journal articles that are or will

be based on their content.

The conclusions and recommendations of the dissertation in general are collected
in Chapter 7. As opposed to thisalssions of the previous chapters, this discussion is

targeted at the common themes which emerge from the dissertation.



CHAPTER 2. BACKGROUND - MULTISC ALE METAL

PLASTICITY MODELING

This reviewsrelevant background materid.is divided into sections to orgae
the content as it spans many disciplines. These sectiamsdlude plasticity models,
microstructure, multiscale modeling, and uncertaintyargification The topics are

introduced and given context. Connections between sections are discussed.

2.1. Plastidty Models

The deformation of metslis complex and ofvidespread importanceMetal
plasticity is a loadingpath and history dependent phenomenon, andcdurs by
mechanisms that exert themsehatsa variety of length and time scalds.variety of
consttutive modelshave been developed to make useful predictions at varivaks lef
resolution and fidelitfAdams et al., 1989; Bammann, 1984; Barlat et al., 1991; Clayton
et al., 2004; Clayton and McDowell, 2003; Edelman and Drucker, 1951; McDowell,
2010, 2008) The wide usagef metals give rise to diversity in plasticity modelmn
needs, and many typesmfbdels are in widespread use. A discussion of the development
of plasticity modeling is useful to navigatbe different types of models which are

featured in this dissertatiom addition, clarifying examples will be included.

Modern simulationsof metal plasticity depend on certain mathematical
foundations.In geneal, in continuum modelsa metal is simulated as a continuous
deformable solidgkhan and Huang, 1995; Malvern, 196@pntinuum mechaics is used

to establish a phenomenological framework for describing the deformation of materials.



Thefinite element metho@FEM) (Reddy, 1993pallows numerical methods to be used to
approximate analytical solutions for material respo&éh continuum descriptions,
material deformation models such as plasticity amdastcity can be expressed in
reproducible and comparable ternBy using FEM analysis, th predictions of these
models canbe compared to experiment®nducted on laboratory specimerihese

mathematical frameworks are important to the advaiece of plasticy models.

Internal state variable (ISV) modelsf plasticity depart from classical
thermodynamics(Horstemeyer and Bammann, 2010; McDowell, 2008) classical
formulations, the stress response of a deformed bodlaslated fromobservable state
variables. B y i nc lhu didreq 0 histérys dependencalong non-equilibrium
trajectoriescan be included in plasticity modeMumerous models which account for the
accumulation of damage during deformation have beerelojeed (Clayton and
McDowell, 2004, 2003; Ghosh et al., 2001; Bt@emeyer et al., 200@)sing ISVs and
evolution equations to embed models of damage within a phenomenological framework

of material deformation kinematics.

Distinct differencesexist betweertwo popular categories of plasticity models:
crystal plasticy (CP), and J2In these models, tensor forms of stress and strain are
related As a displacement or force is appliedatsimulated specimea mathematically
definedrelationship is used tcalculatethe resulting force or displacement, respectively.
These relationships which constitute the simulation of material behavior are referred to as
constitutive equationgChaboche and Rousselier, 1983; Kothari and Anand, 1998;
McDowell, 1985; Roters et al., 2010; Weber and Anand, 199@ktal plasticity is used

to relate crystalline strature to thedeformationkinematics of a materiglAlharbi and



Kalidindi, 2015; Asaro, 1983; Buchheit et al., 208%&itra and McDowell, 2012; Shahba

and Ghosh, 2016 rystal plasticity typically attributes plastic deformation todlee of
dislocations through the crysthlttice via constitutive equations. Notably, dislocations

are not resolved discretely and amy sometimes included with ISV representations of
local dislocation densityArsenlis et al., 2004; Patra and McDowell, 2Q12hgineering

in practice often relies on continuum J2 plasticity and ofimeacroscopio plasticity
models(Bammann, 1984, p. 2; Barlat et al., 1991; Bassani, 191M1@se mode are

much simpler to calibrate and use than CP. They are unable to predict the properties of
related microstructures, however. The two models give an example of theotirade
between accuracy (J2 models) and predictjuality (CP models) which is frequdy

encountered in simulation.

CP models have been extended to include constitutive thats propose to
addressphysical mechanism@Narayanan et al., 2@). In some atomistic simulations,
dislocation movement is examiné@ordon et al., 2011; Grdger et al., 2008a)d the
results of these simulations can be used to inform crystal plasticity m{@télger et al.,
2008b; Naayanan et al., 2014These models build on the work of Kocks and others
(Kocks, 1976)on constitutive relations which describe thermally activategration of
dislocations Although constitutive laws allow for CP models to have increased fidelity at

smaller length scales, there are limits to this refinement.

Material modelsinvolve distinct length and time scaleModels are selected
according to applicatiorhased orthe length scale of interestategorical length scales
have emerged which reflect the most useful ranges of specific modeling approaches.

These scales, as they will be referred to here on, are shown on a Fiigeii@2.1. The



introduction of these length scalesotivatesmultiscale methods, which are a central

focusof this dissertation.

Atomistic Mesoscale Continuum
Densit
Functi:nal Molecular Dislocation Crystal 12
24l = i ici Plasticit
Theory v Dynamics Plasticity v
Minimum

_109m 108 m 107m 10°m 103 m
Length scale:

Figure2.1. A depiction of the categorical length scales of metastatity modeling and
simulation.

CP and macroplasticitgre continuum model€£rystal plasticity modelgPatra et
al., 2014; Qin and Bassani, 1992; V. Vitdkag¢, 2004)and dislocation dynamics models
(Li et al., 2014)have been used to capture the behavior of individual grains of a metal,
which can measure frommundreds of nnto an in size, although typical simulations are
ine n. The timescale of single crystal plasticity simulations is typicatigasured in s.
Polycrystalline volumes are modeled Wit (or approximations) as welBenedetti and
Barbe, 2013; Buchheit et al., 2005; Paulson et al., 20&ifh simulation sizes in the
hundreds ofe n to mm and time scalesanging to hundreds of $acroscopic elasto
viscoplasticity model§Bammann, 1984; Barlat et al., 1991; Bishop et al., 2@48)be
used to simulate large volumes of material, fnomm to m in size and in times fromto

days or years

Atomistic models are used to resolve mechaniatmuch lgher fidelity and

resolutionthan is feasible with continuum modeMolecular dynamics (MD) models
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(Narayanan et al., 2014; V Vitek et al., 20@4% fully discrete particle modelsidare
used to track the ntion of individual atoms in a crystal lattice over times measurggsin
(10 ' $) and for volumes measuredrim. These simulations use approximations of the

interatomic potentiabetween atoms

Mesoscale models are neitHelly discretenor continwus and fallin-between
the atomistic scale and the continuum sc@lescrete dislocation dynamics is a prominent
example of a mesoscale model. In DDD, the dislocation line is the basis of the
simulation.Dislocations are considered discrete entities embedded within a continuum
lattice (Arsenlis et al., 2012, 2004; Sobie et al., 20IH)D can be used to study how
dislocations form junctiongdCapolungo, 2011)bypass obstacles which contribute to
hardeningSobie et al., 2015pnd to model dislocation patterns as large as persistent slip
bands(Amodeo and Ghoniem, 199®inetic Monte Carlo(kMC) models arealsoused
in the mesoscal&KMC addresses the complexity of dynamic kinenssicthe mesoscale
by reducing atomistic interactions to discrete states and the mechanisms by which those
states are traversed by the simulated rmadt@Plimpton et al., 2009; Voter, 200AMC
can model discrete particles over increased time periods (~s) and tbfisn used to
describe the effects of radiation omaterials(Domain et al., 2004; Monasterio et al.,
2007) Mesoscalemodels addressarious problems which atomistic and continuum

models canncaddress efficiently

The physicabasis of each of thesealespecific modelss important to consider
when selecting a modeAtomistic models are defined using approximate interatomic
potentials. These potentials are limited in theiiligbto replicate the range of defect

structures and mechanismashigher relevant scaleghich are predicted and observed in

11



a material. Often, these potentials are optimized for a specific applicatioh as the
elastic moduli, vacancy formation, aurface energyDDD modelsoften do notresolve
partial dislocations and atomic scale reactions at dislocation.cGfesnodels make
predictions based on bulk material properties and largely napkedetails and influence

of grain boundaries. In nanoctgline materials, this limitation has an exaggerated effect
on predictionsMacroplasticity models are unable to track the rotations of grains. This
list of considerations is not exhaustiv&s the length/time scales are traversed, the
evolving structureof a material has varioumimulativeeffects on prediions of material
responseg which must be considered in addition to the choice of a physical or

phenomenological model.

2.2.  Microstructure

Material microstructurdnas profoundeffects on the observeauasticity and other
responses goropertieof a materia(McDowell et al., 2011; Paulson et al., 2017; van der
Sluis et al., 2000)The characterization of miastructure has been of critical importance
to the development of microstructure siive material model¢Adams et al., 2001)
Much work on the digital reconstruction of microstructu(Bestanabad et al., 2016;
Chen et al., 2014; Fullwood et al., 20a&s employedhigh fidelity data for certain
material systemdDirect numerical simulation (DNS) approaches have made use of this
high fidelity information in predicting propertiegr any modeling paradigm, there is a
tradeoff between fidelity and computational efgocy. As a result, much of the
microstructue coupleddata incorporated in materials dwels is of a statistical naturia
some cases, microstructures have been analyzed to extract the features most critical to the

prediction of properties, to diminishdahguantity of data needed as infétharjee and
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Zabaras, 2003)This approach requires the user to specify criteria by which the data
reducton is performed.n this section, research on microstruetuepresentation is
reviewed. Discussion is aimed at how uncertainty quantification and multiscale methods

have been employed in using this information

In crystal plasticitymodeling the quantfiable representation afhicrostructure is
integral to reliable simulations across a material syst&ome macroscopic plasticity
models are informed by microstructure as wWéldlams et al., 1989; Barlat et al., 2005;
Yin et al., 2008) Thesemodelsdepend on theepresentatin of microstructuréo make
predictions of propertie§ his work will include investigations of multiple approaches to
microstructuresensitive modelingSome key aspects of microstructure representation are

highlighted here.

Direct numerical simulationof microstructure is typically computationally
intensive(Bishop et al., 2015; Kanit et al., 2008)is an important approach, and is often
used as &asis forcomparison for new statistical approachBgspite the common
practice of using DNS as a ground truth during the dgweent of more efficient
methods, nomegligible discrepancy exists betwe&P modelsand the observed
behavior of the materials they simula@haptei3 investigates the limitations of accuracy
in a single crystal application of a CP modéhapter 22mpbysDNS in comparison with

statistical homogenization methods.

Microstructure can be representesfatistically, and there exishumerous
approacheso do so Two-point and Npoint correlation stasitics can be used tecast

observedarrangements of phasand misorientations of grain boundaiige a statistical

13



summary(Adams et al., 1989; Chen et al., 2014; Fullwood et al., 2008; Gokhale et al.,
2005; Paulson et al., 2017)hese statistics can be usedinstantiate mimstructures
which areindistinguishable from a sample of the original observat{@ien et al., 2014;
Fullwood et al., 2008) Two-point correlation statistics can be usea verify the
representation of a material in a simulated voly(iieDowell et al., 2011; Niezgoda et

al., 2010) Computer vision can be usedittentify microstructure imagewhich contain
dendritic formationgChowdhury et al., 2016Machinelearning(Sundararaghavan and
Zabaras, 2005¢an be used tpredictively determine a 3D reconstruction from limited
statistical microstructure information from 2D image3oftware such as Dream3D
(Groeber and Jackson, 2014as been developed accelerate theeconstruction and

instantiation omicrostructure, and is used im&ptersd, 5, and 6.

Texture approximation methods are fusen microstructuresensitive modeling.
Texturerefers to the distribution of crystallographic orientatiafsgrains and phases
within a microstructure Texturecan be approximated by usirggneralized spherical
harmonic (GSH) function@Bunge, 2013}o transform a collection of orientations into a
list of GSH coefficients. The GSH functions areimimite series obrthogonalfunctions
defined across orientation space in terms of Euler anBlessing a finite truncation of
the infinite series of GSHfunctiors, an orientation distribution function can be
approximatedo atunablelevel of precision Other methodgxistfor describing textures
parametrically, such as Rodrigues orientation spé¢emar and Dawson, 2000;
Morawiec and Field, 1996Work in Chapter 6will use GSHfunctionsto approximate

texture with dinite set of coefficients.
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The impact of microstructuren material properties scaledependentDifferent
simulations focus on differeténgth and timescales, and hence, different representations
of microstructure.In some approacheshe descriptin of local variationsin material
response to deformation smphasized over high fidelity texture definitig@stoja
Starzewski, 2006; Qidwai et al., 2012; Yin et al., 2008)e microstructure of a material
may have éhomogeneousexture, but smaller subvolumes of that material will exhibit
deviations from that texture due to the finite sampling of graimtatenswithin a finite
volume In some applications, the variatiom material responséhat results at these
length scales is of interesh DNS approache@ishop et al., 2015)thesedeformation
responsevariations amount to uncertainties affecting macroscopic design. In the
structureproperty relations modeling of the materials knowledge sy¢Wheeler et al.,
2014) relationshipsare extracted by correlating variations in localized response to
deformation with the statistical descriptors of mitrosture that accompany those
responsesThe work in Chapters4 and5 will focus on capturing loc&ed variatiors in

response to an applied deformation

The use ofmodels which arexplicitly microstructuresensitive in informing a
higher length scale Imeogeneous model ieferred to as homogenizatiolm classical
homogenization approaches;egpresentative volume elemdRVE) is used to determine
the homogeneous properties of a material with a defined microstretureler Sluis et
al., 2000) An RVE is large enougluch that larger samples the same material will
predict the sameaesponse oiproperties.In some cases, the RVE approach is not
appropriatebecause the statistical samples of volume are too large to simulate directly

These cases @ requirethe material simulatiorvolume to besmaller than the
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characteristic length of the RVHEn some of these cases, an ensemblestafistical
volume elemerst (SVE) is used(Yin et al., 2008)in place of an RVESmaller than an

RVE, an SVE is only large enough to include lengths of all pertinent interacions.
single SVEis not representativef a mcrostructure rather, itprovides a statistical
sample of that marostructure In order to provide a statistical sample of the
microstructure, an SVE must be at least large enough to contain the dominant correlation
lengths of the microstructure. When this size requirement isasi¢tie number oBVES
increases in an ensemblthe statisticsof the ensemblgend toward those of the

microstructure.

A typical homogenizationframework includes a crystal plasticity model, a
homogenization scheme, and a macroplasticity md@sders et al., 2010)These
components fit the template of laerarchicalmultiscale modelHMM): two distinct
scalesof modelsand a linking method The work in this dissertation will include

homogenization within invegfations of HMMsin plasticity.

2.3. Multiscale Modeling

Multiscale modeling usesouplings of models each ofwhich describe problems
at distinct lengtlrscales Problemsthat necessitatenultiscale modeling havmechanisms
and processes occurring at distinct scaleégse problems have dependencédathlocal
and global conditions. Hydrological models hapeesentedexamples of advanced
multiscale methodogies (Brunsell, 2010; Gupta et al., 1998; Khu et al., 2008)
hydrological modeling, local conditions and global conditions affect expected outcomes

with complex interactions. Likewise, the inelastic deformation of metals depends on both
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local structures and the collective behawwera large volume of materiah successful
multiscale model replicates observed phenomenbott local and global scales and
captures the interactions between them. This section summarizes the research on

multiscale modeling methods in metal plasticity.

Multiscale modeling of material is increasingly commonplaceind diverse
approaches have been explofghernatynskiy et al., 2013; McDowell, 2010)hese
approaches can Haroadly classified as concurrent methods and hierarchical methods.
Concurrent methodbased on domain decompositidivide the modeling domain into
regions, each region being resolved to a different g€letin and Miller, 2003; Hao et
al., 2004; Wagner and Liu, 2003 boundary solution is forced, so that two adjacent
regions do not suffer discontinuous solutions from one model to ther (Rudd and
Broughton, 200Q)This is often performed for continuum and atomistic simulations of
solid state material@ish et al., 2007; Xiong et al., 201%)oncurrent methods may also
be based on adaptive coagpaining, an example of which is the Quasntinuum

method(Knap and Ortiz, 2001; Miller and Tadmor, 2002; Tadmor et al., 1996)

Hierarchical modelsypically connect information from one length scale to
anoter via pareneter sets, rather thasolutionsto critical boundary value problems
These parameters are often simply informed in avesne fashion. This work includes
new alternatives to those emay approached.o move beyond singlsource informing

of parameters, the uncertainty of each source must be quantified.

In the context of hierarchical multiscale modeli#MM), information typically

travels from bottorup (BU) or from topdown (TD) (McDowell, 2010) The BU
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information pathways take higher resolution (and lower length scale) simulations of
postulated mechanisms to estimate parameters or quantities which are challenging to
physically measure. These estimates then inform a highgth scale model. In &D
approach, experimental observations of material behavior across longer length and time
scales are used to calibrate an intermediate length scale model that may also be built from
ensembles of lower length scale simulations. Tie calibrated parameter values can
then inform the selection of lower length scale models. For example, a crystal plasticity
(CP) model for bcc Fe can be informed wik® and/orBU information (McDowell,

2012; Tallman et al., 2017Molecular dynamics simui@ns (using the nudged elastic
band method) of kinjpair nucleation on screw dislocation segments have been used to
inform a CP model for bcc Fe from tiBdJ (Narayanan et al., 2014)D calibration of a

CP model for bcc Fe hasén performed using singbeystal uniaxial tension test data

across multiple temperatures and crystallographic loading dire¢fPatis et al., 2014)

Both information pathways have limitationED pathways can suffer from nen
uniqueness irthe estimated parameter values, i.e., multiple unique combinations of
parameter values can yield equivalently wediforming models. Moreover, by
themselvesT D pathways are less sensitive to the form of constitutive models, whether at
larger scales or lwer mesoscale8U models are often based on idealized 4pniicess
cases with significant uncertainty in their mapping to the nmdy effects that are
present in experimental observatioMghen the uncertainty in a multiscale model is
considered, therhitations here manifest as two iconic problems that are associated with

uncertainty quantification in multiscale models: dimensionality and identifiability.
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2.4. Uncertainty Quantification

Uncertainty Quantification (UQ) is the study and practice of accagritinthe
various sources of uncertainty in a scientific mo@ehether pertaining to theory or
experiment) and the modeling of the effects of those uncertairiiResC. Smith, 2013)

Many problems are approached in UQ, including parameter estin{@gmganis, 2009;
Lacaze and Missoum, 2014; Rizzi et al., 201 2mcertainty propagatiofAcharjee and
Zabaras, 2007; Rizzi et al., 2012@and model discrepancy estimatioirendt et al.,
2012a; Brynjarsd-ttir and OdHagan, 2014,
1990) In multiscale models, the common application is uncertainty propagation
(Coleman and Steele, 2009; Koslowski and Strachan, 2011; Rizzi et al., 2a2bdly

of multiple effects.Often, a sensitivity analysis is a necessary prerequisite tdoU@

new model(Trucano et al., 2006)This section describes some established techniques in
UQ, focusing on those used for multiscale models. Some characteristic issues in

multiscale UQ will be addressed.

Different categories are defined to organize uncertainty into specific Wfjese
parametes are determined prior to model calibration (a priori) or as a part of calibration,
the uncertainty in those estimates is known as parametric uncertainty. When multiple
options of model form are reasonable for representing a material, perhaps eith@ngnclud
or neglecting a secondary mechani sm, t he
is a problem known as model form uncertainty. In any case where an approximation
made in the method @hlculations, the effect of those approximations is dallemerical
uncertainty. While many other forms of uncertainty exist and have been studied, the types

named here are approached in the content of the dissertation.
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A breakdown of uncertainty into aleatory and epistemic components is sometimes
performed (Johnson et al 2008) Aleatory uncertainty is also called irreducible
uncertainty or variability. Epistemic uncertainty is also called reducible uncertainty or
incertitude. The distinction made by this terminology is acknowledged, though it is not
employed in this disertation. A discussion of perspectives on the topic is included in

Chapter 7.

Markov chain Monte CarloMCMC) methods are commbnused to explor¢he
uncertainty characterization angropagation of multiscale modeldMCMC uses a
sampling of the stochastparameter®of a model to estimate the posterior probability
distribution of the outcome, response, or quantity of interest ((@&gyer, 1992)In
applications to multiscale mode(8eck and Au, 2002)these methods often become
computationally expensivieach sample in a MCMC study is accompanied by a run of
the full-field model. The cost of this method can be avoided through the use of

approximationsnd surrogate models.

Surrogate models are frequently used in multiscale A®urrogate model is an
approximation of the response of a model and is computationally cheaper than the model
it approximates. A surrogate model is built on some designedlisgmer a quadrature
of input space and resultingnodel responsgWilkinson, 2010) Polynomial chaos
expansiongPCE)are a norsampling methodised torepresent the effects of parameters
using polynomial¢Blatman and Sudret, 2010; Choi et al., 2088}E performs best with
few input parameters and without sharp nonlineari@Gesissian process (GP) models and
their deriative forms are commonly used as surrogate modasklund et al., 2012;

Brynjarsdottrand O&@ Hagan, 2014; Gano et al., 2006
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2001; Mar c C. Kennedy and O6Hagan,. GPOO01,;
models can be used in uncertainty propagation studies, and are more efficient than
MCMC when wer than twenty dimensions are considered at ¢@ben et al., 2015)
Regression models can be used as surrogate models and are simple and reliable to
implement(Gano et al., 2006)Link functions can be used in regression tecsfy error
distributions of norGaussian typgMcCullagh, 1984) In Chapter 3, the regression
surrogate modeling approach is used to approximate the likelihood function of the model
in terms of the input parameters. @apter4, a Gaussian process regression model is
used as a surrogate for optimization between modeling scal€halster6, a surrogate
model is built as &aussian process to systematically explore a parameter tpaagh

the reduction of uncertainty across a finite dom@&@R. modeling is introduced further in

section6.1

Model form uncertainty i®n the cutting edge of multiscale UQ. In mydhysics
modelling, model fan UQ has been performd®iley and Grandhi, 2011)Multiscale
and multiphysics modeling both require coordination of multiple models. Bayesian
model averaging has been used to quantify model form uncer{&®ati et al., 2010)

Few examples exist of multiscale modelthgt considemodel form uncertainty.

Model discrepancy methods are a suite of powerful Béhriques. In a model

discrepancy treatment, the original model is accompanied with a surrogate-likedel
layer which describes the discrepancy between the model respBhsand the target

data,Y*®, as a finction of some alignment variables, i.e.,
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d(x) =Y (x) -Y"(x) (1)

where alignment variables are known a prigR. C. Smith, 2013) The use of
discrepancy methods prior to calibration has been doBer ynj ar sd - ttir an
2014) This work leaves the discrapcy methods for after calibration, to preserve the

clarity of the physical interpretation of calibration parameters. For more discussion of this

topic, see Chapt&:

Some difficulties are shared by UQ and multiscale modeling. A scientific
simulation carbe expensive, anchn involvemany parameters to calibrg€ennedy and
O6 Hagan, The& ihoduction of UQ requirements on that simulation can
exponentiallyincrease the total computational cost of a probl8milarly, multiscale
methods lead to ineasing numbers of parameters, the calibration of which can become
increasingly costly. Additionally, in both UQ and multiscale modelingldhge number
of parameters can cause difficulty when trying to assign effedteltvidual parameters.
These two problems are known in each fiekldimensionality and identifiability, and

they deserve introduction.

The dmensionality problem refers to the cost explosion of quantifying
uncertainty in problems with increasing nunmbenf dimensions to explore.
Dimensionality problems also arise in microstructure representation proftamison et
al., 2017) Uncertainty propagation studies are clear examples of dimensionality costs in
UQ. The established procedure for these studies iM@RIC method(Angelikopoulos

et al., 2012; Beck and Au, 2002; Geyer, 1992here the model is run many times to
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explore the possible values of input parametMCMC methods are computationally
intensive, sometimes requiring millions of runs of a model to converge to a posterior
probability distribution To manage the problem of dimensionality in scientific modeling,

many techniques have been used.

Dimensionaty reduction techniques are noteworthy in discussions of
dimensionality. Ancipal component analysi®®CA) is a prominent techniqugolliffe,
1986; Ma and Zabas, 2011; Paulson et al., 201BCA describes the variation in
response across a parameter space with new basis vectors, written in terms of the original
parameters. By recombining the parameters into orthogonal vectors, PCA can reduce the
number of indpendent dimensions of exploration. Parameter clustgffang, 2010;
Tong et al.,, 204; Zhan and Tong, 200Was been used to identify
in stagesapproaching the identification of parameters as multiple smaller probléras.
problems within this dissertation are approached with necessary consideration for the

dimensonality of any formulated design of experiments.

Materials simulations can be prohibitively expensive even after dimension
reduction is performed. Surrogate modeling is one of the main straagissedto
reduce this cost. Surrogate models have numdooorilations,as previously mentioned.
Approximations are made to the calculations in this work where appropriate to better

explore highly dimensional propertiaad responses

The dentifiability problem refersto whena mo d e | Ofals toindicateu t
unique values for model input parametérlis nonruniqueness is often encountered in

models with many calibration parametek8any existing solutions make use of either
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more detailed experimental daiavril et al., 2008) or more types of experimental data
(Arendt et al., 2012b)Work in this dissertation coordinates inputs from multiple length

scales, anth doing so address¢his prevalent issue.

To reduce the impact of these limitatiananultiscale approachesombinedl D,
BU (TDBU) approaches have been propogéttDowell, 2012) While concurrat
methods exist which allow for twavay coupling(Ghosh, 2011; Ghosh et al., 200&hd
both BU and TD data have been used in informing separate parametersHdfNA
(Ghosh et al., 2016; Shahba and Ghosh, 20t reconciliation of, or resolution of
disagreement betweemD and BU estimates of a single parameter set has not yet been
establishedor a hierarchical approach. Baldress this lack, a TDBU calibration method
is presentedh Chapter3. Information is used from TD and BU to optimize parameters of

the homogenization of microstructure in Chaier
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CHAPTER 3. RECONCILED TOP -DOWN AND BOTTOM -UP
HIERARCHICAL MULTISCALE CALIBRAT ION OF BCC FE

CRYSTAL PLASTICITY

In this chapter a test for connections between models parameter sets is
developedn the context of a HMMA set of parameters from tlsép systenflow rule of
a crystal plasticity model for bcc Fe is identified for ceatmgTD andBU information.
TheTD calibration is performed using experimental measurements of single crystal yield
strength at multiple temperatures and crystallographic orientations, where a likelihood
function in parameter space is informed using sdcorder regression surrogate
modelling. A BU calibration of the same model uses the parameter estimates from
atomistic simulations to inform penalty functions. A constrained likelihood function
incorporates theTD and BU information in one calibration oparameters. Decision
making within HMM is approached. The benefit to calibration precision brought by
incorporating additional data froBU is considered against the uncertainty in the
requisite multiscale connection. This traafé is formulated intcan empirical test of the
connection Hypothetical decision making is demonstrated between multiple alternative

BU estimates.

3.1. Introduction

Scientific model calibration is a rich field. Popular techniques for informing
model parameters can accommodate the res@peand complexity of materials models

(Forrester et al., 2008; Gano et al., 2006; Salloum et al., 2015; Wilkinson,.2010)
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Importantly, the uncertaintysaociated with a model can be incorporated in calibration
approacheg$Arendt et al., 2012a; Li et al., 2016; McFarland et al., 200&avland and
Mahadevan, 2008)These approaches are often used one at a time. To couple two sparse
data sets (TD and BU), a calibration approach is used for each, and the two uncertain
estimates are reconciled using a connection between models. The aposiclers the
connection between models to be an additional source of uncertainty. This consideration
is new, and it supports decision making in the construction of hierarchical multiscale
models. Addressing the implementation of this new considerasidhe focus of this

work.

The need for reconciliation of competing interests or estimates is encountered in
many fields of study. Instances of reconciliation can be considered muaitiplaute
decision making probleméRao, 2008; Tzeng and Huang, 201Depending on the
guantity of data available, different approaches to overcoming initial disagreement can be
used. Multiobjective optimization reqres data sufficient to inform functions for each
goal and an expert decision maker to ascribe appropriate weights to each olipbive
2014; Marler and Arora, 2004; Yapo et al., 1998pbust optimization compromises an
optimal solution to minimize the effect of expected inaccur@sen et al., 2006;
Bertsimas et al., 2011; Beyer and Sendhoff, 2007; Mulvey et al., 1988) expected
uncertainty of the model solution determines the extent to wiiehrobust solution
varies from the optimum. Work contained here treats the reconciliation of two sparse data
sets as a constrained optimization, where the constraints are tied to expected uncertainty.
This reconciliation has much in common with both categs of optimization mentioned

above.

26



Datascarce decision making is frequently encountered inwedd applications
of amulation models. The scarcity of data in these scenarios rendexatagdecision
support techniques inviable. Rather, successdpbroaches are resourceful and
incorporate information from multiple sources. Hydrological modeling of data scarce
locations has been approached ugnedictions of local runoff from climate and or soll
data-a multi model approacliBangash et al.,, 2012; Dile and Srinivasan, 2014)
predictions of repair rates for marketed prodyéiang and Huang, 200&nd service
lives of water supply systen{Scholten et al., 2013Bayesian methods have been used
to incorporde expert opinion as informative priors to data scarce predictionan
ecological study of brown bear habitats, a multiscale approach maximized the utility of
scarce datéMartin et al., 2012)Imprecise information on seismic risk was incorporated
with a traditional probability modeling approach to risk assessment using fuzzy intervals
(Dong et al.,, 1987)In a landslide risk assessment, multiscale methods and fuzzy
information were used in combinatioh Dr agi [ evi | . Gererallg lthese 2015
approaches adopt methodsadmbining information of different forms by appropriately
translating between those forrfidall, 2003) The work of this Chapter demonstrates this
proaess by translating information from different sources and length scales into forms

which may be combined.

The Chapter is outlined as follows. First, the goodness of fit between TD data and
model response is measured. For each data point, a surrogateisnaegtd to inform a
likelihood function in input parameter space. Reference parameter estimates from BU
simulations are used to formulate penalty functions, also in terms of input parameters.

Likelihood functions and penalty functions are used in comioindd find an integrated
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TDBU estimate of parameters. A practical, empirical test of uncertain ookl
connections is formulated. The utility of possible connections for reducing parametric

uncertainty is evaluated. For this work, calibration is kdito the onset of slip.

3.2.  Background

A strategy for reconciling D andBU data to inform parameters of a CP model of
bcc Fe is presented. Reconciliation is used here as a label for the process by which
conflict betweerthe parameter estimates determingdbst fit to differentdata sets (or
objectives) is resolved. A previously studi@Rhtra et al., 2014)hysicallybased model
of the crystal plasticity of bcc Fe was selected, with a Kagke activation enthalpy
driven flow rule(Kocks et al., 1975yoverning the activity of slip systems. This model
was informed along two previously defined pathways, one fBnand one fromTD.

The BU pathway is defined as established in workNgrayanan et al. (2014by first
identifying the thermal activation of a kirpair on a screw dislocation segment to be the
rate limiting step for dislocation motigiseeger, 1956)Accordingly, the nudged elastic
band (NEB) methodJonsson et al., 1998nd molecular dynamics (MD) simulations of
kink-pair nucleation are used to inform the CP model via transition state theory, resulting
in estimates for five parameters of a flow rule with the same Kocks form.TChe
pathway follows the work oPatra et al. (2014)and uses experimental data from the
uniaxial tension tests of single crystal bcc Fe performed by Spitzig and1R&6a)and

Keh (1965) The same five parameters in the flow rule were adjusted to bring the

predicted yield strength in line with experimental data.
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Much work has been done to understand the multiscale interrelations -of non
Schmid stress effects, Peierls sétesnd kinkpair activation enthalpy in bcc metdldale
et al.,, 2015; Lim et al., 2015)The work of Limet al. (2015)explores multiscale
approaches to the same quantities of interest as this work. The paramtteraef rule
are informed from atomistics or from experiments, and the disparity of the two estimates
is discussed. Notably, reconciliation BfJ and TD estimates has not been attempted.

Such a reconciliation is the focus of the current work.

A combined DBU strategy to inform the CP model must overcome initial
disagreement between data and dissimilarity in the form of data sources. These pathways
have been shown to lead to CP model parameter values that are clearly different
(Narayanan et al., 2014, Patra et al., 20Ky example, the thermal resistanceltp at
OK, also called the Peierls stress, is predicted by atomistic simulations to be around 1040
MPa for bcc FgGordon et al., 2011, 2010n contrast, empirically determined values
cluster near 39MPa (Kuramoto et al., 979b, 1979a; Suzuki et al., 199Fhe approach

taken here seeks reconciliation of these contrasting estinfatele 8-2).

Empirical TD calibration of computational materials models is widespread. The
methods emipyed are typically optimizations of goodness of(ftskay and Fish, 2007;
Yalcinkaya et al., 2008)Uncertainty Quantification methods often contribute estimates
for the uncertainty associated with the results of these calibration mgMoBarland et
al., 2008; McFarland and Mahadevan, 20@mmonly, the ncertainty is expressed in
terms of model output. In contrast, Bayesian methods apply Markov chain Monte Carlo
sampling methods to establish uncertainty measurements in terms of model input

parametergChkrebtii, 2013; Glimm et al., 2003; Higdon et al., 2004; Honarmandi and
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Arroyave, 2017; K €00h; Rizzy et al.n 20128Mihiea Bayesian
methods can be too computationally expensive to carry out on already expensive
computational materials models, surrogate modeling is often used to offset the additional

costs.

The calibrationapproach describecele does notise amodel discrepancterm
The dominant approach to model calibration ise¢paratelyreat the measurement error
and the model discrepandyBr ynj ar sd - ttir and O&Hagan, 2

ObHagan, 2001;.,i&Vil kinson, 2010)

YE=YM 4 - @)

where YFis the experimental measuremelt! is the moel prediction, dis the model
discrepancy, which is often defined functionally, aa$ the measurement error, which

is defined as a random variable. This distinction requires defining the foohbased on
assumed prior information. The approach described here does not perform this
decomposition The connection between two models is to be evaluated, and model
discrepancy methods may affect or confound that evaluation. After theedegre
uncertainty of a connection has been established and a connection has been accepted,

model discrepancy methods would be appropriate.

BU information is often expressed in terms ofresulting reference set of
parameter estimates. These parameter estén@an be carried forward directly
(Narayanan et al., 20149r included in a study of uncertainty propagat{&oslowski

and Strachan, 2011; Rizzi et al., 2012b; Tran and Wang, 2@hg&ye parameter values
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are taken as samples from a distribution or interval which reflects the uncertainty of each
parameter. When constraints on parameters éxisin optimization setting, penalty
methods are use(White and Anandalingam, 1993The use of penalty methods in
Chaper 3 allows the BU information to be included alongside the TD information in a

calibration of an intermediate parameter set.

The methods here are distinct from model selection appro@Beek and Yuen,
2004) such as Bayesian model averag (Hoeting et al., 1999)Bayesian model
averaging takes a class of models targeting the same subject (observations) and assigns
them weights per their relative performance. To enable such cmops, the target data
are held fixed. In the TDBU context, the target data cannot be held fixed. Each
information pathway reflects a unique data source. The connection cost method evaluates
the connection between the different data sources. Subsequentiyarison of different

possible connections is based on parametric uncertainty, rather than model fidelity.

In multi-fidelity modeling, discrepancy terms are used to relate aclestty
approximate model to the expensive full model to increase effigiemd improve
predictonst Kennedy and .0OkelmhadglsatectionZzeelthiques, the focus of
multi-fidelity approaches is the response of the model. The TDBU work included is quite
different from multifidelity modeling. In this approach, the TD and BU calibrations are
not approximations of each other. Both pathways are considered valid and informative.
Because of this, a differemind entirely newapproach is taken to incorporate both T

and BU in a reconciled calibration.
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3.2.1. Material Constitutive Models

The crystal plasticity model used in this work is taken from the woiRabfa et
al. (2014)on constitutive equations to incorporate fchmid effects onigld strength
in single crystal bcc Fe. The modelinsplemented using fully implicit integration tine
finite element software Abaq{Simulia, 2007) However, in this work it is executed via
single material point simulations. This treatment, where a simgégration point is
simulated, assumes homogenedaformation The presentvork is only concerned with
initial onset @ slip, sothis assumption is reasonable. A brief description of the crystal

plasticity model ioutlined next

The crystal plasticity model uses a finite deformation assumption and

multiplicatively decomposes the deformation gradiénnhto elastic and inelastic parts,

F¢ and F", respectivelyAsaro and Rice, 1977The inelastic velocity gradient is given
by L" =F" B"*. The sum of crystallographic shearing rates for M|l slip systems
comprisesL™, i.e.,

L" =& gmg A’ 3

a=1

Taken in the reference (or isoclinic intermediate) configuratiof,and n; are the unit
vectors in the slip and slip plane normal directions for slip syater@onstitutive

equations are used to define thlgp systemshearing rategy® as a function of the

resolved shear stress’ , and theevolution ofinternal state variables (ISVs) on each slip
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system. The material is assumed to hdNge= 24 {llQ(lle slip systemgGroger et al.,

2008b) consideringboth positive and negtive $iear directionsDislocation densyt, ¢,
is defined on a slip system basis and used as an ISV in the model. Dislocation density is

considered as an additive sum of mobilg, and immobile dislocation densities; , i.e,

ré= g o+

In bcc metals at low to moderate homologous temperatures, inelastic deformation

is rate limited by thermally activated glide @(11]) screw dislocations, which occurs by

kink-pair formation (Argon, 2008) As is generally done in continuum constitutive
formulations of thermally activated dislocation glide, the crystallographic shearing rates
are defined using a phenomenological Ketse activation enthalpy driven flow rule

(Kocks et al., 1975).e.,

é é. A ) p~q~6
7 DF. & ar? -s? 09Q¢

L {gexpE e et g 00for 78

r=1° BKkie o § -08 @
to; fortf ¢s?

Here, g, is the preexponential factorDF, is the activation energyarrier todislocation

glide (the rate limiting step of which being kink pair formatiamthe absence of external

stress,k is the Boltzmann constant, T is absolute temperattffeis the driving stress

for dislocation glide,s is the athermal slip resistance to dislocation glige,is the

thermal slip resistance, typically controlled by the characteristically high Peierls stress of

bcc metals, ang and g are parameters that model the shape efdttivation enthalpy
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function. This flow rule is the primary subject of th€D and BU calibration in the

present work.

The long range athermal slip resistagiis defined via a Taylor hardening model

as a function of dislocation density, i.e.,

N,
S = Gbﬂfé q AT ©)
z=1

where G is the shear moduludyis the Burgers vector magnitudg, is the dislocation

barrier strength, and\’ “ is the matix of slip system dislocation interaction coefficients.
The athermal slip resistance models the slip resistance from disledaiooation

interactions.

The model considers negdchmid effects to contribute to the driving force for

dislocation glidez ¢ , via a term that adds to the resolved shear sttéssand decays as

an exponential function of the effective inelastic stréip, i.e.,

a e
t{=f + &Xpe ; (6)
0

O

Here, €, , the decay constant, is the value of effective inelastic strain which corresponds

to a reduction to 37% of the contribution to the driving forc&at=0. Also, sZ is the
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contribution of noASchmid forces to the driving force for slip systemm (Groger et al.,

2008a; Patra et al2014)i.e.,

sw=aim @ o af i &0, ) m3 7

wherea/, a], anda] are atomistically or empirically determined coefficients,is the

current stress state, amd, isthe  unit vector-shbpapl aoet he 0

While the work in this study is focused on modeling the onset of slip, the crystal
plasticity model contains constitutive equations regarding the evolution of defect
densities. These evolution equations oritgnan earlier work(Patra and McDowell,

2012) and aredriefly described here

The evolution rates of mobile and immobile dislocationsitees are defined as

functions of the crystallographic shearing rajé, i.e.,

a (¢r+-| f|)v, ©
,-;:% 3 rz"ﬁ-kcsexpg# 0 ""5% ' Vglé‘” (8)
z Q -

za _
ry=

1. L
LR (9)

Each term on the RHS of E@8) represents a different mechanism of dislocation
interaction. The first term addresses the formation of new mobile dislocations by

multiplication at existing segments, the second term is for @lgssf dislocdions
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between slip systems (from slip pla@e to slip plane ¢ ), the third term regards the

mutual annihilation of dislocations of opposite Burgers vector within a critical capture

radius R., and the fourth term denotes the trapping of dislocations at barriers as a

function of the mean free path for dislocation glide, =1/ M ?. In Eq. (9), the

trapping of mobile dislocationgappears as the additive first term, and the annihilation
of immobile dislocations via dynamic recovery is shown in the second term. Material

constantsk,, k., andk,, correspond to the abile dislocation multiplication, mobile

dislocation crosslip, and dynamic recovery of immobile dislocations. Algd, is the

activation stress for crosdip corresponding to activation volum¥,, and b, is a

constant related to dislocation trapping.

Model parameters other than those involved in the TDBU calibration are defined
as follows inTable 3-1. The parametersm Table 3-1 are not included ithe calibration
parametersd, and are instead held fixeblecause they are not addressed in b@tand
BU information pathways. Additionally, they possess less uncertainty (e.g., elastic
properties) or they have minimal relevance to the yield strength predictions of the model
(e.g., dislocation evolution parameters that govern work hardening). These considerations

are used to assert that a calibmatwf the five chosen parameters (taken from @&y,

d= @qo By, p, 0, § ,is appropriate to the TDBU method pursued here.
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Table 3-1. Crystal

plasticity model parameters for bcc Reld fixed duringthe

calibration.

Parameter Value(s) Meaning and source

C..C,LC,n 239260 24520Q e T92K.03) } )1 MP Elastic constantéAdams
(K) et al., 2006)

135780 6550( ex(o‘;%gf) -)1 MPa

120720 3500( ex
0.29

62.9) _
(K)) )1 MPa,

a &, a 0.0106+ 2.3311exp- 0.0164K)) | Non-Schmid parameters
(Patra et al., 2014)
0.1727+ 108.9126exp- 0.04D6K))
0.2699+ 3.5454exp- 0.015¢K))
G 87600 1-,r( }g MP: Shear Modulus
(Naamane et al., 2010)
a, 0.2866nn Lattice parameter
(Johnson and O1,989)
q, A% A -?(% . % 0.3,1.0,0.: Hardening parameters
(Patra et al., 2014)
ro = fforall 4.02 1 mm? Initial dislocation

densitieqLi et al., 2014,
Patra et al., 2014)

kmul’ kcs’ kdyn’ Rd br

3.45 10%,0,2.75* 10 |6 ,7.40°

Dislocation evolution
parameterg¢Patra et al.,
2014)

The flow rule of this crystal plasticity formulation can receive information from

TD experimentgPatra et al., 2014)r from BU simulations(Narayanan et al., 2014In

order to connect the information from boffathways, some modifications to the

previously used methods are necessary. The connections used previously will be outlined

and the modifications explained.

The TD pathway uses experimer{téeh, 1965)on single crgtals of pure bcc Fe

to inform the values of four of the five parameters of intergstDF,, p,andq, as

introduced with Eq(4). The fitting procedure used the three uniaxial ststssn curves
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measued at 298 K for crystallographic loading directif®®1],[011], and [111]. The
initial hardening response of the material shown in the curves (up to ~5% strain) was
used in a goodness of fiabed calibration of the four parameters. The thermal lattice

resistances’ = sforalla, was taken from the work @uzuki et al. (1995)The value
given is § =390 MPa. Other bcc Fe experiments on a wider range @ntations and

temperatures were used as validation ¢&ztzig and Keh, 1970a, 1970b, 197.0the

procedure resulted in tHeD point estimates for the parameters, as showralrie 3-2.

The BU route to inform the flow rule paramesetakes a different approacdD
nudged elastic band (NEB) methatbmisticsimulations(Narayanan et al., 2014jere
performed to calculate the minimum enepathway of a unit process of dislocation slip,
via kink nucleation in single crystal bcc Fe. After using this method to determine the
activation parameters of the rate limiting mechanism, transition state theory is applied in
informing dislocation kinetis at the continuum scale. Tihavork employedthe Proville
embedded atom method interatomic potential for(FE@ville et al., 2012)The stress
dependent function of kink nucleation is informed by these atomistic simulations and

written in Kocks form(Kocks et al., 19753s
2 a \P
H = Hoégg {)" § (10

where H is the stresslependent activation energy for unit dislocation shf, is the

activation energy for dislocation motion when the effective shear strgsy ¢n slip

systen a is zero. p and g are profiling parameters (called shape parameters ifihe
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method) ands,, is the thermal slip resistance at 0 K, (Peierls stressyyliczh the same
value is assumed to apply for all slip systefifse parametes, is treated as a constant.
This formulation is placed into a flow rule (E4l2) to describe the activity of
dislocation slip systems in terms of the results of the atomistic simulations. The values
for the parametersH,, p, g, ands, are determined as point estimates from a {east

squaresased regression on the results of a series of atomistic siomsladf Kink

nucleation. The parametej, was estimated fronBU calculations by assuming an
approximation of the Debye frequency,, of Fe as the attempt frequency of the

nucleation of thermal kinks. This wased with the approximate relation from work of

(Groger and Vitek, 2008).e.,

b*ar,, y

I (11

gO,BU =

whereb is the Burgers vectot, is the lateral extent of kinks at the sadptent state,r

is the dislocation density (estimated to b@°/n? in this calculation), anda is the

distance moved by the dislocation in one activation step. The values of

% eur Hor P, 0, @ands,, are included as thBU reference set of estimatesTiable3-2.

The crystal plasticity model used in thrk by Narayanan et al (2014pllows
the same deformation kinematics as thedel in this work. It has different hardening
parameters, notably, a latent hardening coefficient of 1.4 (vs. 0.2 forRhmodel).
Where there are differences, the model used in this work more closely follows that

pursuedn the work ofPatra et al. (2014)
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The flow rule used in th8U model uses the stress dependent functiothef
energy of coordinatedkink pair nucleationon screw dislocationso define the rate
limiting step of dislocation glide as a thermally activapgdcess. This formulation is
shown (Eq. (13)) with similar formatting to the previously introducedD
phenomenological flow rule (Eq12)). The similarity of these formuli@ns is used to

explore the possibility of calibrating the same parameters on two sources of information.

D:

é. 2 o p~q~6
7 DF, & &7 -s? 093
_ _}g’oexpa‘?—kgaeit-ae—f 2 569%for 2 &
P =1 éﬁ 2 ¥ -08 12
; :
f0; fortf ¢ s?
e é. 2 o p~q~6
7 H,& &r?-s* 09
L e _0 - - S [s] a
. | 90,80 €XP &g g0ifor 7 &
G =1 gekTge c § =090 (13)
i

{0; foref ¢s”

These formulae have the sanstructure. They differ because the corresponding
parameters within them are informed by different means. The TD version informs the
parameters empirically whereas the BU flow rule informs them via simulations. The
interpretations of the flow rule are ressarily different to reflect the interpretations made

in their informing process. Specifically, the BU flow rule reflecksracteristics of the

unit process, whereahe TD flow rde reflects the effective muibody interactions of

the dislocation netwt. The TDBU treatment of these parameters is a reconciliation of

thesetwo differentinterpretations (and their parameter estimates).
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3.3. Methodology:

An overview of the TDBU calibration method is presented. The details of the
calibration method are desceith such as howD data is formulated in a likelihood
function and howBU estimates are uset specifya penalty function. The use of
parametric uncertainty to select between multiple uncertain multiscale connections is
shown. The approximation cd costto ascribe to the use of inexact moedebdel
connections which isised in this process is also shown. The informing of the material
models used in theIMM approach is also described in this section. The flowchart in

Figure 3.1 outlines the process foeconcilingthe information fromr'D andBU for the
purpose of informinghe calibrationparametersd, whered=gg,, B,, p,d,§ . The
flowchart in Figure 3.2 is an overview of the process for deciding between uncertain

multiscale connectionsThe terms which appear in these flowcharts shall be introduced

within this section

~N\
9 — Bottom-Up
Surrogate Reference
Models Estimates
Likelihood Penalty
Function Function

Constrained
Maximum Likelihood

& J

(
Top-Down

Figure3.1. A flowchartof the calibration method for combinifid® andBU data.
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Figure3.2. Flowchart of the method for the selection of uncertain connections.

Table 3-2. Reference &timates of the key flow rule parametansthe calibration ()
from bothTD andBU information pathways.

Parameter 9% DF,orH, | p q 5
Top-down reference
estimatesi®!
Bottom-up reference
estimatess!

1.0 1ds* | 0.825eV 0.47 | 1.0 | 390MPe

3.1 10s*® | 0.57eV 0.67 | 1.18 | 1040 MPe¢

The informationsources ofTD (Patra et al., 2014and BU (Narayanan et al.,
2014) do not have common grournadvhen they are diffient, there is no clear
compromise. This is common in constitutive modeling responses of materials with
hierarchical structure. Accordingly, we next outline a strategsetoncileinformation

from the TD and BU pathways.

An admissible parameter space isfided for the key calibration parameters,

d=gg, By, p,q, § - The space is defined by simple bounds on each parameter. These

bounds are chosen to reflect expert knowledge on the parameters. For the parameters
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DF,, p, g, ands, the estimtes from TD and BU reflect the general range of estimates

given by atomistic simulations and empirical measuremesgpectively

The parametey, has been treated differently. In the casgpfvalues hag been

used as low ast.0° 10s *for bcc Fe(Patra and McDowell, 2012)With the other
estimates, they present a rangévad orders of magnitude. Accordingly, the parameter is

examined. The model is only sensitive gmportionally largechangesof g, (that is,
changes in the value @f, which are near to the magnitudé g,). This, combined with
the large rang®f the estimated valugsuggest that a transformation gfcould be a
more informative predictor of model response. To weight valuegj,of terms of
proportional change ig,, the parameter is transformed Itn)(g‘o) for the definition of

the prior probability distribution function (PDF) faf. This approach is reasonable in

terms ofthe flow rule as well, as the flow rule can be equivalently restated as

o

¢ s DF & a7 57500
o lexp@In(g) - Le 2 50 90for 787
o=l & kTee ¢ § 208 (14)

fo; fortf ¢s?

Here, the termn (go) is inside the exponential function alongside the other parameters in

d. It is noted that this form obfuscates the units associatedywith

The chosen admissible parameter space contains both reference estimates (from

TD and from BU). These bounding values are showrTaible 3-3. The admissible
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parameter space is used for creating a uniform prior PDE foin making the uniform

prior, the values of calibration parameters within the boufds,, ¢..], ae linearly
mapped to intervals d0,1] , thus removing the influence of units. This holds even in the
case ofln(g,), for which changes in units do not affect the result of mappir{@,tl]).

Cdculations are performed in these normalized ranges; however, results will be mtesente

here in original units.

Table3-3. Admissible parameter bounds tbe calibration parameterd.

Parameter | g, DF,orH, | p q 5
i 5.00° 10s*| 055eV | 04 |1.0 | 300MPe
e 5.00° 1ds*| 0.95eV | 0.8 | 1.5 | 1100MPe

The TD experimental data s€Bpitzig and Keh, 1970gertaining tathe onset of
slip in single crystals of bcc Fe is designated as the training data fobthathway. The
TD data are expressed in model response spacestress and strain. Bringing that
information into input (also parameter) space is a process that approximates an inverse
relationship between model output and model if@gszar, 1991) The method adopted
for this purpose in this work is referred to as second order regression (SOR) surrogate
modeling(Gano et al., 2006)NVhereas Bayesian MCMC methods derive parametiere
likelihood functions from a responspace comparisowith training datgHonarmandi
and Aroyave, 2017)the method used here merely approximates the likelihood functions
from the training data. The relationship between model response and targetidigtum

defined as
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YE(x)=Y"(x.d) &, (19

where YE(xi) is the value of the experimental response (or datum, in this case yield

strength) at the' value of the physical parameter vectmiwhich here refers to
temperature and crystallographidentation).Y" (xi,d) is the model response at tHe i
set of values of the physical parameters and the calibration parameter decitie
strong assumption of this treatment is that the errors are independemndemtically
distributed (i.i.d.). This is only plausible for good estimatesfoin this work, the error

term, e, is assumed to follow a Gaussian distribution with mean of zero and variance of

s? ,ie. e~ N(O, é) This variance is distinguished from others that appear later in

e !

this approach.

The statistical formulation above leads to a likelihood function of the form

é Nyata My - YE 2
Likelihood(d) = exp;g—;a (Y (X"d)z Y P()) : (16)

i=1 S expi

=9), ands?_. is the expected variance of

exp,

where the number of data I8, (here N

data data

the " datum, whichmay vary to reflect the different levels of precision associated with

differentdataas well ado allow the likelihood to be based on relative error as opposed to

absolute error. The values for thes§,; are given bys? ; = (YE (x) g)z :

exp,i
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The values ofY ¥ ands?

exp,

are known a priori. To generat€” (x,,d), the crystal

plasticity model must be run (once for every valuexadnd d of interest).This approach
uses SOR surrogate modelsaggproximatey " (xi,d) from a reduced number of crystal
plasticity model runsThe SOR surrogate model is well documer(@dno et al., 2006)

however, it is detailed here using different notation for clarity. The general form of a

second ader polynomial regression model is shown as

Y N
f=c acyg A & 15« 17)
j=1 j 2k j=

where f is the predicted response, the crystal plasticity model calibration parameters
d=[gq... g] appear as vaables (number of variablesg,), and coefficients =[c,...G,]

must be determined. The number of coefficiems, is given by the triangular number

m=(n, 4)(n 2) /2. Using matrix naation, Eq.(17) becomes
f=c'd, (18
whered is the vector of terms
d=[Lg..q. 19, A 9=-9.4 (19

To deternme the coefficients, the surrogate must be trained on a sample of

gueries of the CP model response, across the values of calibration parameters within the
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admissible parameter space, defined[b’;qm, qax]. The sample set is comprised mf

gueries and is organized in matrix form, i.e.,

L@ o (#) 3
e . 0.
A=mp PogRM T (20
o 1 g™ (&9)2 5
c +

and
f=[f0,.., f™] IR (21)

where A contains the values oféhdependent variable terms corresponding to the crystal
plasticity model responses (yield strength) contained .inThe coefficientsc can be

solved using the set of linear equations formed from the queges
Ac =f (22

The system has a unique least squares solution, i.e.,

c=(ATA) ATt (23)

47



only if the inverse,(ATA)'l, exists. For this soluin to exist, it is required that, 2 m.

When n,>m, the model becomes regressive, given that the coefficients become

overdefined.

The response (predicted yield strength) of the crystal plasticity m\ﬁﬂe(lxi,d) is

recorded for each oN at multiple values across the previously defined admissible

data’

parameter spac,,,, ¢.J. The admissible parameter space also establishes a uniform

prior probability densityor d, in a Bayesian sense, i.®rior(d) =Uniform( ¢, .4) -

The values ofY" as functions ofd are interpolated using second order regression

(SOR) surrogate models, per the relaship
fi(d)=y" (% )dwe, (24)

where each SOR surrogafq—:-(d) depends only omf, and mismatch between the crystal

plasticity model and the surrogate is explained with theogate error terme,

urj *

Although ¢, ;can be measured using a test set of crystal plasticity model runs, this

ur i

approach approximateg,,; @0. This approximation is supported by tR¥ values of

the surrogate models>(0.98). The linking function, which determines the distribution
assumed for errors on the response, was chosen to be logarithmic. The lognormal error
distribution matched the possible vaduéor yield strength, given that the range of
physical estimates yield strength, like the defined domain of the lognormal distrilsition,

nortnegative.
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Thus, the likelihood definition is rewritten in terms of the surrogate models, per

o

a Ngata | f. - YE 2
Likelihood (d) @expi-é'a’ (t(@) Y (9) 25

sexp,i

Finding the maximum of Eq25) will return a maximum likelihood estimate of the

calibration parameters on ti® data,ETD. This estimate is preseut inTable3-4. Note

that the values 0§TD and ETeDf (from Table 3-2) do not match. The two estimates are
produced by distinctatibration procedures carried out using different data. The values

from ET‘*,; are used here only for establishing the bounds for the peqr, ]

It is noted that this approach uses a separate surrogate modiesdobe the

model response that corresponds to each data pa@htN This is favored over the

data*

formulation of a single surrogate that interpolates across both calibration parameters and
physical parametsri.e., f (d, 3{ While the preferred approach requires more CP model

runs in total, it does not require the SOR model to emulate the relationships between

temperature, orientation, and response.

The BU method used in previous work infoed the crystal plasticity model
parameters directlfNarayanan et al., 2014 this work, theBU reference estimates are
used to formulate penalty functiofeniay, 2005) The penalty functions used here treat

the BU reference estimates framable3-2 as the constraint od, i.e.,
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d= By (26)

The penalty is defined as a Gaussian error term, i.e.,

1 (qj B %I,j)z
_2 5[2) (27)

Penalty(d) = ex

oppp o

Wheres§ is the variance of the penalty, which controls the degree of influence Btxhe

information on the constrained likelihood. The penalty functions are imposed

multiplicatively on the likelihood function, i.e.,

Y
Constrained Likelihood Functigd) =  Likelihd¢ §fO Penalty )d (28)
j=1

a 1hgd_ata(fi (d)- Y&( ;())2 6, 4 1(67,-' %I,J)Z
CLF(d) @exp2-2 a ~ gexg P (29
N ¢
or equivalently,
a & E 2 st |\ €
15k (6 (@)-Y Q) (e &) ¢
CLF(d) @engag 29 ) s @ 2 : (30)
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Finding the maximum of the constrained likelihood function (CLF) returns the combined

TDBU maximum likelihood (ML) estimateETDBU.

Table 3-4. Maximum likelihood estimated values for the calibration parameters. TD
corresponds to the unconstrained likelihood function, and TDBU corresponds to the

likelihood function constrained by penalty terms. Values@;@i = (0.1YE (xi))2 "I were
usal.

Parameter % DF, orH, P q s

&, 500° 1ds* | 0.79eV 0.4 15 860 MPz

ETDBU |s,=0.5 | 500 10s* | 0.78eV 0.4 1.38 796 MPz

& |s,=0.2 | 3.93 10s* | 0.75eV 0.43 1.29 686 MP¢

& |s,=0.1 | 3.07 10s"* | 0.68eV 0.52 1.28 652 MPa

ETDBU |s,=0.05| 3.1 10s* | 0.60eV 0.58 1.25 800 MPsz

ETDBU |s,=0.02 | 356% 16s* | 0.55eV 0.63 1.21 972 MPa

& (= Q‘E) 3.1% 10s* | 0.57eV 0.67 1.18 1040 MPz

3.3.1. Uncertainty Cost of Connections

To make an empirical comparison of multiple reasonable connection options, the
quality of connections between models must be testable. If thenlyDapproach is taken
as the baseline, a TDBU connection can bdifigh by its performance relative to the
baseline case. If the CLF of E@8) is used as the basis of a test, that test would suggest
that the BU data should be included in all cases, due to the benefit obadddata in a
datascarce scenario. Indeed, such a test would be insensitive to the relationship between

d;, and d;,. Assume that data scarcity has led modelers to apply data of diminishing

relevance. It is tbn reasonable to argue that using connections of this nature would incur

some penalty or cost. That cost can be tied to the quality of the TDBU connection. The
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tradeoff between this connection cost and the benefit of additional data can become the

basis ¢ the TDBU connection test.

The meaning of connection quality must be defined. Let the connection between

d;, and d,, be stronger when the two are similar, and let difference betwigerand
dy, imply the connection between them is weaker. Let the connection quality be

estimated by measurements on the CLF and the LF. The greater the difference between

&, and EBU, the greger the difference will be between the sum of squared errors at
ETDBU, SSE(ETDBU | TD, BL), and atETD, SSE(ETD |le . The comparison of these

measurements becomes the basis of the cost edpws the calibration on both TD and

BU data.

The definition of the connection cost must satisfy some logemlirements. To
constructa joint probability density function (PDF) af using both TD and BU data, it
must be assumdtat a connection exists between data and models via the parardeters,

ie., d,* d,. In other words, the parameters informed from TD and the parameters

informed from BU are assumed to be equivalgnth equivdent interpretations)even if

this may not be accurate. Equati@8) is a combination of TD and BU data that assumes
the connection between TD and BU is valid. To impose a cost associated with the TDBU
connection that assomnption of validity is relaxedln constructing this new formulation,

the following statements are upheld:

1 Letthe CLF as shown in equati(®B) be the exact case, i.e., the case when

the connection isartain and there is no cost.
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1 Let the cost be imposed consistently across the admissible parameter space for
a given connection.

M Letincreased cost of connection result in widened confidence intervals.

To abide by the above statements, cost of the caoneistimposed on the CLF

by including an exponent, i.e.,
CLF (d| Uncertainty = CLF( ¢ p i( O}t (3D

where u is an exponent reflecting the cost of the uncertainty in the connection between
the TD and BU data/motie A value of u=1 reflects no connection cost and that no
disagreement exists between TD and BU data, and a value=0f reflects an infinite

connection cost, where complete disagreeragists between the TBnd BU data.

The quality of the connection must be estimated to infarmAs discussed with
the definition of connection quality, take the sum of squared errcg%gyto inform u,

per

1 1
U= -

- max{ SSE+ Penalfff,,) }1 max{- 2iCLF (d | dFg,)) } (32)

for the TDBU case. The test of the connection requires a comparison with a baseline
case. This case is given h;m and the TDBonly likelihood function. The TEbnly

likelihood function is taken as the null hypothesis, where the BU information is ignorance

across the admissible space and informed per
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) 1
. max{- 2In{ Likelihood(d | d'=E ) }1

(33
It is noted that the value af for the BU penalty function alone can be estimated in this

way, returningu =1.

When multiscale modeling hierarchies are developed, multiple options may exist
for connecting models. Not all multiscale connetcsicare useful. To approach this,
multiple connection options must be present and be evaluated. The application of this
method to the CP modeling problem presented constitutes a single possible connection.
Two alternate BU reference estimates are propo3éey represent two potential
The fAcooperativeo estimate

scenari os. agr

Aspuriouso estimate strongly disagrees wit
model when used directly. They are presentedahle 3-5 alongside the BU estimate

from atomistic simulations. It is noted that these estimates are not used in any
combination with each other. They are used as distinct alternative candidates. The TD

data is used to conoewith each case, formingé common basis for comparison.

Table 3-5. Contrived BU reference estimates shown alongside the estimates from the
atomistic modeling ofNarayanan et al., 2014)

& % DF,orH, | p q S

Simulated 3.19 10s*' | 0.57eV 0.67 1.18 1040 MPe
ficooper|158 10s*' | 0.75eV 0.48 1.3 540 MPz
ispuri o| 500 10s* | 0.95eV 0.8 1.5 1100 MPe
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The connections with each BU estimate are compared by examining their effects
on the calibration ofd. Using the formulation in Eq31) for each estimate, posterior

PDFs are informed using Bayesod rule, i.e.

_ CLF(d)" Prior( &
- Normalizing Const

PDF (d) (34)

Here, the normalizing constant is found using the law of total probability.

The parametric uncertainty off is estimated from the posterior PDF. The
estimate used here is the variance of the joint posterior probability density function

PDF(d), per

n N 2
s:= fj PDF(d)& (¢ -Eg qjgd (35

d- space j=1

where Egg, is the expected value, or mean, of parameter j, E’IﬁlF(d) is the

posterior probability density function af.
3.4. Results:

The benefit of using BU data in addition to the default TD data is evaluated.
Connection uncertainty is estimated and factored into the evaluation of parametric
uncertainty. The CP model was run using the calibrated valuet @turned by the
calibrations on the TD data only and the TDBU combination. Theeinwds also run

using the BU reference values. The results of each calibration are compared to the
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experimental TD data. The parametric uncertainty associated with the TD and TDBU
calibrations are shown. The sum of the squared relative error of the sespthe CP
model is also shown, as well as the relative error plus the BU penalty. The performance

and uncertainty measures are also shown for the hypothetical BU reference estimates. A

parametric study of the variance of the penalﬁy,is performed.

The proportional limit from the experimental TD dd&pitzig and Keh, 1970a)
and from the various calibrations of the CP model are shown for three temperatures and

orientations inFigure 3.3. The anglec is the misorientation between the maximum
resolved shear stress plane of the loading and the refe(émﬁ)s slip plane. The BU

calibrated model returned yield strengths thattlyeexceeded those from experimental
data at lower temperatures. At 250 K, the BU had much more agreement with
experimental data. The TDBU based calibration performed nearly as well as the purely

TD based calibration.
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Figure 3.3. The proportional limit at three temperatures for loading on three
crystallographic orientations. The BU used here is later referred to as Simulated BU.

The performance of each calibration was calculdtgdhe sum of the squared

errors (SSE) divided by the expected variancsé;‘ﬁ,'i , Le.,
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SSE=§ @ [x f) M E (36)

Also, the BU penalty was calculated for each estimstei.e.,

0 = = 2
n &4 - (

Penalty=é—,'1ae'—¢?tEBU ¢ (37
j:].ém sp E

These performance measures are shown alongside the parametric uncertainty estimate
s for each calibration iTable3-6. Across all shown BU reference estimates, the SSE

is best for the TBbnly calibrations. The SSE+Penalty is always minimized by the TDBU
calibration. If the trend demonstrated by the examples holds for all BU reference
estimates (and connections), the SSE an&+P®nalty measures are insufficient as
measures of empirical support for the TDBU connection. The parametric uncertainty
estimate can increase or decrease with the addition of BU data, depending on the
relationship between the TD likelihood function ame tBU penalty function. This is

shown in the change in the variance of the calibrated parameter v&fugalso inTable

3-6.
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Table 3-6. Therelative performance of TD and TDBU calibrations of the CP model for
sp:O.l, based on different BU reference estimatesdof For each BU reference

estimate, the better performing calibration is underlined.

BU edimate &' | Calib. | SSE SSE + Penalty | u si
_ D 37.7 161.7 5.98 10° 0.296
Simulated —

TDBU | 83.1 102.3 1.173 102 0.317
. TD 37.7 81.0 5.98 102 0.296
ncooper a

TDBU |56.1 57.5 4.343 10? 0.249
. _ D 37.7 262.6 5.98 10? 0.296
nspuril o

TDBU | 78.0 224.4 5.69% 10° 0.340

The results shown iffiable3-6i ndi cat e t hat ggﬁtvaltﬁas aiectheo per a

only case for which the TDBU connection is supported as implemented. The
Afcooperativeo TDBU calibration exhibits a
TD-only calib=tion. Thus, this particular combination of TD and BU informed functions

leads to a calibration where the benefit of additional data is more pronounced than the

cost of wusing an additional, | est& ismnetl evant

equal to@m, implying that an effective connection between two uncertain sources need

not be exactu is shown to decrease from TD to each TDBU case, as is expected.

The parameters§ controls the severity of the penalty function. In theory, it

reflects the intrinsic uncertainty of the BU estimatalinspace. In practice, it affects the
degree of influence the BU reference has on the TDBU calilora¢isult. If the value of

siis too small, the TDBU calibration becomes insensitive to the TD data. Likewise, if
the value ofs§ is too large, the BU data have no effect on the TDBU estimate. To

demonstratehis, the value ofsﬁis varied, and the results of the TDBU calibration are
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shown, inTable 3-7. The values OfErDBU are shown inTable 3-4 for all the values of
siexplored in this parametric studyhe value ofs? returned for BWJonly calibrations

is largely a function of the value chosen f.oﬁ. This is alsoshown inTable3-7. Given
that the value ofs§ was not empirically derived, the BU only calibrations cannot be

easily compared with TD or TDBU in terms sf .

The results inTable3-7 suggest that the TD calibration is the option with the least
uncertainty. The value o§? is lower for the TDBU option Wheres is 0.02, however
this case is considered inappropriate. As the valugﬁ)fis decreased, the penalty

functions contribute to increasingly narrow PDFs, as shown in the bottom roabtd

3-7. When two distrintions are combined multiplicatively, a drastically narrower

distribution will dominate the result. When the value 333 is reduced to 0.02, the

reduction of s7 that occurs is an artifact of the TD likelihoddnction having a

negligible effect on the CLFThis approach assumes that the empirically gathered TD

information is the default information source for the CP model, sostﬁls 0.02

cal i bration, which do ealnidfdrmaton, isena anieligbley i nc
option. Thus, the eligible option with the least uncertainty is identified to be the TD

calibration.
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Table3-7. Parametric study of ;. The simulatd EBE[, is used for all case®enalty is 0
for BU only calibration. The values of > for BU only calibrations are shown for the
different values of ;.

_ SSE + Penalty
s, | Calib. | SSE for s2 :{0_52, 0.7,01,0.05, O.GP N oo

-- TD 37.7 | 42.6 | 68.4 | 160.5| 529.2 | 3110 | 5.98 10 | 0.296

0.5 | TDBU | 39.2 | 43.3 | 64.8 | 141.6 | 448.7| 2598 | 4.7 10* | 0.301

0.2 | TDBU | 52.7 | 55.9 | 72,5 | 131.9| 369.5| 2033 | 2.48 10* | 0.311

0.1 | TDBU | 83.1 | 85.0 | 95.2 | 131.6| 276.8| 1294 | 1.173 10* | 0.317

0.05| TDBU | 130.6| 131.3| 134.9 | 147.9| 199.6 | 561.7 | 5.79 10° | 0.312

0.02 | TDBU | 213.2| 213.3| 213.8| 215.7 | 223.1 | 274.9 | 353 10° | 0.222

SSE | sifor $={05,07,0.%,005,0.0

-- BU | 671.9| 0.647| 0.161 | 0.042 | 0.011 | 0.006 -- --

3.5. Conclusions

TD and BU calibrations of a scientific model and a novel treatment of
connections between models were used &kendecisions in the construction of a
hierarchical multiscale model of single crystal bccvith scarce input data (a typical
condition for simulations of this typeA likelihood function was informed via SOR
surrogate models for the TD calibration pagly. A penalty function was informed by the
reference estimate of the BU simulation and an estimate of the associated uncertainty.
The TDBU estimate was informed as a constrained optimization. The effectiveness of
any pairing of TD and BU information wap@roached by estimating an uncertainty cost
associated with each connection. This cost was an offset to the clear advantage of
additional data in a sparse data setting. An empirical TDBU connection test was
formulated using this tradeoff. This test wasduse demonstrate the different possible

effects of including BU data alongside TD data. This test showed that an increase in
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uncertainty accompanied the inclusion of the BU simulation data in the calibration of the

CP model used.

The TDBU estimates showedn increased level of parametric uncertainty,

compared to the TD only estimate. The lowest value j@r used, 0.02, showed a
reduction ins?versus the TD. This is assumed to be due to the exaggerated pregisio
the penalty function. For the remaining TDBU formulations, the valugZofvas greater

than that of the TD calibration. Froiable3-6 we can gather that the reductionf in

a TDBU calibration is possible. Thus, the failure of the BU data inclusion in reducing
uncertainty ind is likely due to the difference in TD and BU being too large to easily
reconcile. In this case, the connectimay be improved by reexamining the choice of
model form. Additionally, it may be necessary to use a mesoscale model as a translator,
i.e., to adapt the BU estimates to include mpitcess interactive effects. As an
interesting note, there can be uncetiathat arises due to imposing a single value on a
parameter that in truth varies. It has been suggé€bted, 2017)that the Peierls stress is

a function of temperature. Considerations of madetel connections may need to

include such considerations of the underlying parameters.

This approach allows decisignakers torecognize the tradeoffs of imposing
connections between models. In hierarchical multiscale models, parameters are often
used to connect models between lerggthles. The additional demands incurred by
reconciliation between models might outweigh benefitsome cases, as is explored in
Section 3.1. The connection between models may or may not be useful in approaching

more detailed descriptions of a material, when uncertainty is considered. These

61



connections can be investigated with the method presentedwi¢hout the expense of
gathering additional data. This provides needed decision support for the selection of

connections in hierarchical multiscale models.

TDBU calibration can potentially alleviate issues of parameterumiueness
which often arisein TD-only calibrations. By applying data from multiple sources,
TDBU calibration of parameters is less susceptible toumoqueness of parameters. The
obstacle to broad applicability of such techniques is that in some cases, the combination
of multiple ©urces of information will not be empirically sound, even if the connections
are theoretically plausible. Once it is possible to empirically qualify connection
strategies, such TDBU methods can be rigorously applied. Successful development of
rigorous TDBU methodologies would thus benefit the calibration of a wide array of

material models.

The method this work presents is not a search method. It assumes that new
connections are between verified and validated models. The method examines the
suitability of canecting these models, given that the validity of a connection does not
necessarily follow from the validitpf the comprising models. The models are each
considered valicat individual lengthscales; combined, they are operating beyond the
scope of theirinitial validation. This method is a multiscale calibration process and
preliminary to validation. Care must be taken to distinguish the failure of the connection

from the failure of any component model.

The estimate of the connection cost, used in this work is straightforward to

apply. It is based on a deterministic comparison of performance of ML estimates. This
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approach may not be suitable for all calibration cases, and it is not rigorously derived
here. The development of neocomprehensive approaches to this step of the procedure

will be the focus of future work.

The connection test is sensitive to the vaIues@f An overly small value of9§
can coerce a reduction i by overwhelming the contribution of the TD data. Caution
must be taken in selecting a valuesoj which allows both TD and BU data to influence

the CLF. The relative influence of BU and TD can be monitored by congpéne
variance of the TEonly Likelihood function and the variance of the product of the BU

penalty functions.

63



CHAPTER 4. MODEL FORM AND SVE SIZE IN THE
HOMOGENIZATION OF CRYSTAL PLASTICITY OF

CARTRIDGE BRASS

In this chapteran uncertainty propagation study obfatistical volume element
(SVE) basedhomogenization igperformed, focusing on model form and numerical
uncertainties.A ratedependent crystal plasticitfCP) model of cartridge brass is
calibrated toroom temperaturainiaxial tension testing dataf an annealed sample
Model forms are considered with and without the inclusion of back stress in the CP
model. Threesizes of SVEare explored for numerical uncertainty effedi$fects are
shown in a BammanrChiesaJohnson BCJ) macroscopic viscoplasticity odlel,
calibrated elemenwise to SVEs from an ensenebin simulations of quasitatic uniaxial
tension. The selection of model form is discussed. The numerical uncertainty of the

homogenizatiomprocesss quantified

4.1. Intro duction

Simulations of materla are limited in resolution and scop@urtin and Miller,
2003) These limitations give rise to length and time scales pertaining to the basic
physical regimes used for modelling materials and their behé@eers and Yvonnet,
2016) Despite advances in algoritionefficiency and computational throughput,
multiscale models often must be employed to resolve both the mechanism and-the use
case ofinterest(Ellis and McDowell, 2017; McDowell, 2010)'he homogenization of
direct numerical simulatiofDNS) is one such multiscale method, and it is used to

connect microstructersensitive descriptions of eformation to continuum material
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models(Geers et al., 2010For a given resgnse or property of interestdi, quanity of

interest (@l)), the Representative Volume Element (RVE) is sufficiently large to
establish a homogeneous response or property for a given material and microstructure
(Benedetti and Barbe, 2013)ased on a crystal plasticity model, for exampldinite
element model informed by RVEesponse can efficiently simulate a complex part
geometry under loadinddowever, the homogeneous properties and responses based on
the RVE only hold at sufficiently large volumes with limited or weak field gradients,
limiting their applicability to casesmvolving geometric discontinuities (holes, fillets,

etc.) that induce high local fields that spatially concentrate within volumes smaller than

the RVE size, or strong stress strain field gradients over such scales.

Intrinsic variability will arisefor samples of material volumes less than that
corresponding to the RVE size, since such Statistical Volume Elements (SVE) do not
capture all the necessary correlation lengths of microstructure (and corresponding
statistical moments) under applied loadih@t give rise to homogeneous properties or
responsesTherefore, ensembles of SVE simulations are necessary to characterize the
statistical range of expected responf@sa given sample (SVE) sizén other words,

SVEs are employed as ensembles to remiesstatistical information about the
microstructuresersitive properties of a materigQidwai et al., 2012)If the goal of
simulating an ensemble of SVEs is to replicate (or at least approximate) RVE response,
then the SVE size must be large enough to capbardaminant correlation lengths of the
target microstructure for the giveQol, accepting some degree of approximation in
neglecting higher order moments that are necessary to capture all statistical moments of

Qol response as expressed by the RVE. In soases, dominant correlation lengths can
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be quite large (e.g., hundreds of microns in the case of microtextures of alloys), rendering
the concept of RVE as difficult to access computationally for ceQais related to peak
concentrated stisses or straé for example However, if the goal of SVE ensemble
simulations is to capture variability associated with sampling size effects fdR\gbb
volumes, then SVibased ensemble simulations are necessary to characterize variability
in material response as anfttion of size (e.g., at notches or stremsers).In this case,

the number of SVEs necessary within the ensemble (ensemble size) must be large enough
to capture the majority of the variability associated with random sampling with regard to
the Qol. This ensemble size will depend on how large the SVE is relative to the dominant
correlation lengths that affeQols; if the correlation lengths are large, then a very large
number of SVEs must be employed in ensemble simulations to capture overall
variability. If the correlation lengths anelativdy limited in spatial extent, then far fewer

SVEs are required.

Most engineering simulations are performed with homogeneous material models.
Qols such as fielastic stiffnessensoaRVEsizeot ve
and many heterogeneous fine scale material models are feasible to estimate these.
However, for many otheQols , car e i s often not taken in
variability of Qols associated with sampling integration pointuwoés smaller than the
RVE for a given microstructure. In other words, homogeneous material models are often
applied to model material responses at length scales beneath the characteristic scale of the
RVE for a givenQol. Despite this limitation, homogeoes models are widely preferred
to CP for polycrystalline metals in engineering applications, due to their ease of use and

simpler calibration requirements, which most often do not carefully consider RVE size.
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The deployment of additively manufactured (AMmponents in reakorld applications
challenges this longstanding approafBikas et al.,, 2016) given the increased
uncertainty surrounding the process and the design of parts with finer and finer feature
sizes (e.g., holes, fillets, etc.jhat interplay with some of the larger arhcteristic
microstructure length scales and gradients of structure. AM feature sizes will most often

be much finer than the associated RVE scale for a gdan

Multiscale methods have been used to approach the design of AM components in
the presencef a statistical approximation afincertainty(Gorguluarslan et al., 2015)
While the uncertainty in AM is in large part due to mismatch between the dimensions of
the designed part and the manufactured result, improvements in process maythmesiuc
component of uncertainty in overall performance. Moreover, the dependence of
manufacturing process and scales of structure on properties or respissélJeceive
increasing attention. The accurate prediction of microstructure and the use of
microstructuresensitive models will become increasingly important to AM reliability

predictions as the technology matures.

Multiscale methodsaddd complication andalibrationexpenseeven when they
allow for more efficient computatiofiran, 2011; Tallman et al., 2017his compication
can arise as nuel form compatibility concernsr increases in thdata requirements of
crossscale predictions. For exampléhe size and number of SVHEseededin an
ensembldo be representative ofi¢ material globally (a higher length scale) far exceed
the extent of local variability studiesThe determination of these rpmeters is

interdependent with the determination of model form (at all included length scales) and
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the selection of calibrationath, i.e., an adjustment in one of these may engender changes

in the others.

In this work, SVEbased ensembles are pursued to characterize statistical
variability as a function of sampling size of characteristic astucture for cartridge
brass. A hypeaelastic crystal plasticity (CP) model of cartridge brass is used with
Dream3D instantiations of microstructure and is calibrated to experimental measurements
of the uniaxial monotonic stressrain behavior of the material undergoing quasistatic
deformaton. The calibrated CP model is used to inform a Bamr@masaJohnson
(BCJ) macro viscoplasticity model. The BCJ model is calibrated to each SVE response
within an ensemble of SVEs generated from grain size statistics extracted from
characterization of ctidge brass microstructure. The BCJ parameter values which
represent the SVE responses are used to inform a-secgkr implementation of a BCJ
model with local variations in material response. A design of experiments methodology
explores two sizes of\& and two forms of the CP model. The length scales for which

an SVEbased sampling approach is supported by the results of thisaneatiscussed.

4.2. Background

Cartridge Bras§C260)plasticityhas beemvidely studiedthroughsimulations and
experimentgBattaile et al., 2015; Buchheit et al., 2005; Carroll et al., 2012; Chiarodo et
al., 1974; Schwartzbart et al., 195Rpom temperature uniaxial tensile tests of C260 can
be found in the literatur@Battaile etal., 2015; Buchheit et al., 2005; Carroll et al., 2012)
Work on the hardening properties of C260 has demonstrated a distinction between

kinematic and isotropic hardeniri§rieg, 1975; Wagoner, 1982Fhis distinction can be
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summarized aghe exhibition of tansient kinematic hardeningyith large strains
dominated by isotropic hardenirfdvagoner, 1982)Accurate descriptions of hdening

in C260 areelevantto the question of model form.

The crystal plasticity of cartridge brass has been modaiedousy (Jia et al.,

2012; Kuhlmanrwilsdorf, 1999) In these models, thimelastic part of tle deformation

velocity gradient,L", is given by the sum of the contributions of the crystallographic slip

systemshear rated.e,

L" =4 g'mg A’ (39

where, in the intermediate configu@ti mg and ng are the unit vectors in the slip and

slip plane normal directions for slip systea, with sheaing rate ¢°. The 12 slip
systems considerad the modeling of the fcc litice of cartridge brass have slip planes in
the {114 family and slip directions if110). The determination of the shear strain rates
follows from the flowrule of the CP modelThe modelof Jia et al.(2012)includes a

dislocation density based aaion enthalpy driven flowule. A much less detaildtbw-

ruleis employed in this work

The FEM software AbaquéSimulia, 2007)is used to implement the material
deformation models in this workIMAT formulations of the CP model for C260, as well

as the BCJ model introduced later on, are called by Abaqus as tsubsou
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A CP model originally developed to describe OFBQG is adaptedfor cartridge
brass.The model ibased on the moddbcumented in the work of Tanner et @999)

It uses a phenomenologicdip systenflow rule definition, i.e.,

A sgn( a)‘ (39

where the reference shear rategjs, the strain ratsensitivity exponent isn, and for

slip systema the resolved shear stresstis , the back stress i8° , and the drag stress
is g?. The model form uncertainty study highlightise role of the back stresa

simulating polycrystalline deformation response

The CP formulatiodecomposg kinematic and isotropic hardeninighe dynamic

recovery of both haraeng types is includeth evolution equations, i.e.,

. A e N ; a0=Ng .
0°=0s Y 8, 1489 A, . (40)

where g° is the drag stress valuer slip systema, g, Iis the directdrag stress
modulus, andg,,, is the dynamic recovery coefficient for drag stre8sand z are used

as summationndices for all N, slip systemsA coefficient of latent hardening of slip

systems is assumed to be Sinilarly, theback stresgvolvesin selthardening format

ie.,
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g (41)

A= AgT -AA,

where A" is the back stres®r slip systen a, A,, is the direct hardening modulus for

back stress, andy, , is the dynamic recovery coefficient of back stress.

Back stress is not always included in CP models example, theliscrete
Fourier transform approach to accelerated CP calculatharbi and Kalidindi, 2015;
Knezevic et al., 2009 often used with formulations of the flow rufleat omit back
stress, taallow hardening to be resolved as a tensor quantity and not in terms of slip
systems.Various forms of kinematic hardening laws exist, with +tivial differences
(Hennessey et al., 2017Jhe selection of spedif kinematic hardening model can be
addressed if the necessity of back stress in the modeling of a material is estabhghed.

model in this work willexerciseCP without back stress begtsing hardeningparameters

A;; and A, to zerq with A" =0.

The toolkit Dream3D has provided powerful microstructure instantiation methods
to materials science resear¢®roeber and Jackson, 2014)he software package
includes modular datamanipulation routines calledpipelines which allow for
microstructuredata to be collected dm images, or to be generated from statistics and
distributions.In modeling polycrystalline plasticity, the instantiation of microstructure is
a key step. The work in thiShapter uses Dream3D to generate SVE ensembles from

generating statistics for gragize and texture.

71



SVE homogenizatiorhas been used to propagate variabilitynicrostructureto
the macroscalgYin et al., 2008) Yin et al. studied the effective properties of porous
steel. By using a variance based global sensitivity analysis, the most influential
parameters of microstructure were identified. In a Markov chaint&&arlo (MCMC)
method,fluctuationsof these most influential parametdrepresentinghe variability of
the microstructurewere propagated to inform statistically defined parametersleba
BCJ macroplasticity modelln this chapter, a similar workflw will be assembledwith
the main addition of an implementation of aD3BCJ model with local response

variability.

Periodic boundary conditions are used in this work. The boundary conditions used
in SVE simulations influence their solutions and sigguirementgOstojaStarzewski,
2006) Periodic boundary conditions allow convergence to unbiased predictions of
material response at smaller SVE sizes than do Dirichlet or Neumann boundary
conditions (Kanit et al., 2003) More advanced boundary conditions have been
devel oped. By incorporating a statistical
in an interaction kernel, boundaries can be informed to reflect exterior stafidtiosh
and Kubair, 2016)To some extent, the shape of the SVE, when combined with periodic
boundaries, can impose biasan anisotropic manngGlige et al., 2012)This work
uses the more traditional periodic boundary conditions, taking up the limitations of the

approach with multiscale methods.

Commonly in industry, a macroscopic plasticity model is used in lieu of more
intensive alternatives.A model of this type is used in this worBelonging to the

category of J2 plasticity models, tBammam-ChiesaJohnson(BCJ) model is a widely
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usedinternal state variablenodel for macroscopic viscoplasticiBammann, 1984)it
specifies temperature effectatesensitivity,and includegparameters which control the

contributions of isotropic and kinematic hardeniitardening is formulated with both

static and dynamic recoverin this work, the BCJ model is used with the temperature

dependence and static recoyeemoved, and focuses on matching properties at room

temperatureTheinelastic portion of the unrotated stretching tengdt, is written as

Di”:<fsinhi. - P{R ¥) %u J (42
C V _:QU' {p

where f andV are parameters which modify rate sensitivity,is a parameter for initial

yield strength,R is the isotropic hardening internal state variable, d@nd the kinematic

hardening tensorRR evolves accordingly, i.e.,

) R (43)

R=g0" {JIR "

where H is the direct isotropic lrdening coefficienand R, is the dynamic recovery

coefficient of isotropic hardeningtatic recovery of isotropic hardening omitted for
this roomtemperature applicationThe kinematic hardening tensor evolves as a co

rotational rate, i.e.,
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O=gn 0 {5 o)l |0 (49

where h is the directkinematic hardening coefficient ang is the dynamic recovery

coefficient of kinematic hardeningStatic recoveryis also omitted forkinematic
hardaning at room temperatureHere, his macroscopic plasticity model is made
responsive to microstructurally dependent property variations through the statistical
homogenization of CISVE simulationsof s - ¢responseA regression mode$ used to

make efficient the repetitive fitting of the BCJ modeldB-SVE results.

A Gaussian proceséGP) regression model is used tccelerate thditting
between plasticity modelsThis procedure uses a kernel function to predict a mean

function acoss the parameter space from the values of prior observations, i.e.,

& 2 g
k(xi,xj):hzexp:dISt(;+xj) g&g’ (45)
g 0

where hand are hyperparameters controlling the scale and length of tharextju
exponential kernel function, ara is the hyperparameter controlling the noise in the GP,

and g, is the Kronecker delta. The Euclidian distance in parameter space between

observationsx; and x; is shown asdist(xi ,xj) . The GP was used telectthe next

parameter combination to execute to match to th&EP results.
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Numerical uncertainty is a prevalent issue in multiscale mod¢Kagit et al.,
2003; McFarland and Mahadevan, 2Q08he effects of numerical truncation, the
simplification of problems to their first order terms, and the substitution of a finite sample
for a large population are common instances where numerical uncertainty arises in
materials mods. In this work, the numerical uncertainty of the SVE basedrse
grainingof mesoscale polycrystalline plasticwill be quantified using an empirical test

of two sanplesknown as th&olmogorov+Smirnov test.

Empirical cumulative distribution functiof& CDF) will be constructed from the
simulation results. This method fdescribing statistical samples does not assume any
form for the underlying distributiofBirnbaum, 1952)It is a stegunction defined as
function of the variablex, i.e.,

Fu(X)=—,n F#of samplesX, (46)

n
N
where N is the total number of sampleX; . It approximates the cumulative distribution

function F (x) = Pro X ¢X.

The KdmogorowvSmirnov(K-S) 2-sample test is based on the ECDF, and is used
to test if two samples are taken from the same underlying distribUienK-S statistic is
determined fromhe maximal value of thabsolute difference in the respective ECDFs,

ie.,
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Dy = MaxgF, (¥ -F, ()|, forall x (47

where D, ,, is the KS statistic between the first sample and second sample, whose

ECDFs areF, (x) and F,, (x), respectivel. The K-S test assumes that the samples of

each distribution are taken from a continuously defined variable, and that the samples are
independent. The 4§ test will be used in this work to quantify differences in the

microstructurebased responsariability predictions made with each modeling approach
4.3. Methodology

The methodology conssbf a calibration of the CP parameters in twmodel
forms, a design of experiments to generate SVE ensembles, a calibration of the BCJ
model to individual SVEs, accebged by the use of a Gaussian process regression model,
and the simulation of larger volumes of the material with statistically informed elements.

The steps of this method are elaborated hackare summarized Figure4.1.
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Gaussian Process

Regression

m CP-SVE, ~ BCJ(8,), for i" SVE in Ensemble

Mesoscale BCJ
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Figure4.1. A schematic of the models and linking methods used in this chapter.

Designof Exp. CPwith Back Stress Back Stres6
SVE Size200m m  Ef400 SVEs 00 Sy
SVE Size300mm  Efs30 SVEs 80 Sy

Figure 4.2. The design of experimentfor the crystal plasticity simulations of
polycrystalline volumes.
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Dream3D Calibrated to spatial statistics from |
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Instantiations
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Figure4.3. A schematic summarizing the generation of microstructures to be used in this
chapter.

. 4

EBSD

The same experimental datere usedd calibratethe parameters of the CP for
each modeform. The experimental data wetaken from Carroll et al(2012) for the
room temperature uniaxial tension testing of an aledesample of C260. The sample,
annealed at 600°C for 8 hours, included a laser etched hole af ddi@ameter
positioned centrally through the thickness of 1.02ihe calibration parameter sets are
shown in Table 4-1. The calibrations were performed using ensembles of 10
polycrystalline simulations, each 20 elementger side Notably, these ensembles were

smaller in number than those used in the cegraaming work which follows.

The ersemble mean response was compared to the experinsentalcurvefor
the material at room temperature under uniaxial tension. The material specimen was
tested at an applied strain rate@D0123 *. The sum of squadeerrors(SSE)of stress

as a function of axial strain was minimized. The model form excluding back stress was
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calibrated in the @ame manner as the previous forhowever the parametersd,, and

Ay, were both kld fixed at 0.

Model form variations influence the calibration of the model. In the back stress
inclusive case, large values were predicted for the back stress parameters, indicating a
significant contribution to the simulated material response. Ircdélse where these back
stress parameters were set to zero a prohier parameters in the calibration sedre
emphasizedi.e., g,, g, ,andg,,,.

Table 4-1. Crystal pasticity calibration paramers given the same experimental data
values reflecting the model form choices often taken in the literature.

Parameter Parameter name Value A (With Value B (No
back stress) back stress)
d Initial drag stress 11.31 MPe 34.51 MPe
Oair Direct hardening modulus fg ~ 193.51 MP« 379.95 MP«
drag stress
Jayn Dynamic recovery coefficien 3.68¢ 5.751
for drag stress
A(t = o) Initial value of back stress 0 0
A Direct hardening modulus fo 42.67 GP¢ 0 MPa
back stress
Ay Dynamic recovery coefficien 1540 0
for back stress

Microstructure used in the CP calibration wealibratedto electron back
scattering diffractometryEBSD) data.The EBSD data was originally gathered alongside
the tensile testing dai&arroll et al., 2012)2D grain sizestatistics were gathered from
the EBSD image provided by the authors of that wdithe data was filtered to reject

grains smaller than 10 microns in diameter as n@&seRVE-sized microsucture was

79



generated using Dream 3[@Groeber and Jackson, 2014)he microstructure was
assigned initially random texture and equiaxed grain shapdsgnormal distribution

was used to model grain sizés2D section was taken from that instantiated volume. By
comparing the mean and standard deviation of effective grain diameter, the parameters of
the lognormal distribution were calibratefihe 2Dcalibration results are shown Trable

4-2. The lognormal distribution was defined as,

d ~ Lognormalm=2.2, s =1.9 (48)
1 & (Inx-m> © .
P[d= X =)—(S 2pexp (—an 8 x [£m, 3] (49)

where d is the equivalent sphere diameter of graimsis the mean of tthg(d) ands

is the standard deviation of tHueg(d) . The tails of thelistribution were cut off, limiting

the grain size tdéie in the ranget to 304¢ n.

Table 4-2. The 2D grain size statistics used to calibrate the distribution used in
microstructure istantiation.

(2D Stat3 E[d|Sectiof (¢ M | s[d|Sectiof (¢ m

EBSD Section 65.1 55.7
RVE Section 66.7 54.1

Once the CP parameters were calibrated, the CP simulations of SVE ensembles
were performedEnsembles ofSVEs were generated using Dream IBroeber and
Jackson, 2014)The generating statistics for grain size were gathered from an EBSD

imagepublished in the wark by Carroll et al.(2012) The materiakelected was annealed
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at 600°C for 8 hoursSVE ensemblememberswere constructed using20 or 30
hexahedraklements in each dliensionfor a total of20° or 3¢ elements as seen in

Figure4.4.

Figure4.4. The two sizes oSVE usedfor calibrationin the work are shown. The large
SVE is 300 micros per side, the small SVE is 200 microns per side.

Due to the grain size distribution, teealler SVEsachcontaned an average of
38 grains A large variation existed in grain count between SVH® microstructures
used in model form A correspond eteeone with those used with model form 8VE
ensembles contained either 100 smaller SVEs or 30 larger SviEedl SVESs, elements

measured 19 nin each directionThe microstructure statistics are shownTable 4-3.
Here, E[dlens] is the expected value of the effective diameter of a grain in either
ensemble, and [d |eng] is the standard deviation of the grain diameters within either

ensemble.
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Larger polgrystalline volumes were simulated with CP to investigate the effects
of SVE size. Simulations were carried out ten separate 60 elemenper direction
instantiations of the same microstructure statistics. A seteofsimulations was

performed using edn form of the CP model.

Table 4-3. 3D datistics of the number and equivalent diameter of the grains in the
microstructure instantiations of each SVE ensemble in the study.

SVE size | SVEsin Total Grains | Grains E[d | ens} s [d |ens}
ensemble per SVE

(200/77!'1)3 100 3777 38 35.25 40.75

(300mn)3 30 2983 99 37.18 44.99

(600mn)3 10 9018 902 375 41.29

AbaqusStandard ¢nplicit) was usedo simulate the polycrysta{Simulia, 2007)

Periodic boundary conditions were usaceach directionln ore direction, displacement
was imposed on the boundary, simulating uniaxial strain at a constant 1Q.@042 s'

at room temperaturd o simulate the crystal plasticity of C260, a UMAT subroutine was
called to define the stressrain reponse This UMAT was adaptefbr use on C26@rom

the modéused by Tanner et al. on OHRLLI (1999) The ensemblaveraged results of
these simulations were compared to the experimental ¢« data for Cartridge Brass
shown inFigure4.5. To compare with the data, a tensile monotoosd was simulated.

An additional loading patlwhich applied compressn, followed by tensile loadingyas
used todistinctly inform the kinematic and isotropic hardening parameters of the BCJ

model. The ensemble average results of these simulations ana sf&dow, inFigure4.6.
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Figure4.5. The comparison of the crystal plasticity results for both model forms with the
experimental data previously obtain@ghrroll et al., 2012)

CP Ensemble Results
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Figure4.6. The SVE ensemble means for the CP simulations used to calibrate the BCJ
parameters.
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The BCJ model parameters were informed by calibratiegnodel to the results
of eachindividual CP-SVE simulation.The rate sensitivity parameterg, andf , were
determined by calibrating the BCJ model to CPSVE results taken at a series of simulated
strain rates. The values of the raensitivity BCJ parameters are shownTiable 4-4.

The remaining calibration paramete,., =[E,Y, H, R,, h ], are estimated to fit to

every SVE in an ensemble individuallyhis calibration procedure was accelerated by
the useof a partially automated calibration routine. This routine is referred tAwdocal,
and was developed alongside the work of tthapter A detailed description of the
package is left téd\ppendixA. The calibration wasised to minimize the difference tihe
axial stress between €®/E and BCJ models, as a function of axial strain. This

procedure is detailed below.

Table4-4. The calibrated values of the rate sensitivity parameters of the BCJ model.

Paramete Value
V 2.2

f 53 10°

An initial, oneatatime sensitivity study of parameters was first performed.
Linear extrapolation, basedn the sensitivity analysis, was used to makduttive
guesses for the parameter values which fit to each SVE result. The BCJ model was run at
each of these guesses GP regression modeVas constructedo interpolate between
simulations to link BCJ parameter values to the predictiof of ¢ behavior,using these
inductive estimates amn initial dataset. Using the predictions of the GP model to adjust
the parameter value estimatdbe sum of squared errors (SSBetween the target

(referring to the stresstrain response of a Evplasticity simulation) and the prediction
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of the GP model on the BCJ parameters was minimiged.GP modeis formulated as

follows:

800

. . 2
Obj = timgep:l(s BCJ, timestep SCP timest;p (50)

£, i~ GP(dy,), for iin(1,80Q

where the objective@bj) is thesum of squared errors between the axial stress of BCJ

and CP, measured at 800 linearly spaced -titexvals. A linear interpolation of the
simulations is used as needed to inform the GP on this bsatively, the GP was
trained on an accumulation oéw BCJ results three timeRurther optimization of BCJ
parameterguntil the predicted optimal BCJ maneter values ceased to change} also
attempted, but resulted in BCJ parameter vallnaded to unstable error accumulation in
the plasticity simwtion. The values of the BCJ parameters which corresponded to the
smallestSSE as predicted by the GP after thtearningiterations, were then used in a
subsequent batch of BCJ model runs. Thestenatedsalues were entered into a database

for future se.

Autocal is a python package which builds on many other packafes.
optimization was performed using scipMillman and Aivazis, 2011)the initial linea
effects model was built usingtatsmoded (statsmodels2018) and the GP regression
model was built using sciklearn (Pedregosa et al., 20113ll of which are python
packages. The Matern kernel function was used for the GP approach, and the

hyperparameters were tuned to maximize the log likelihood of niwelel. The
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hyperparameter optimization was repeated with randomly chosen starting conditions for

every iteration, to avoid local maxima in the likelihood function

The BCJ parameter estimates from the calibration were stored as libraries of local
represatations. Each CPSVE simulation correspowed to an estimate for each BCJ
parameter. As a result, these estimated parameters were not considered independent. The
covariance and correlation of the parameters setdo reflect the variability of the
materid response to which those parameters were fitted. The analysis of the parameter

estimates is included in the results section.

Figure4.7. A schematic showing the BCJ parameter estimates, sourced fronduadivi
SVEs, i nforming t he nmeinglandegratibnpointelerdeats. 6 s i ndi

Mesoscale models were constructed from the BGdels by populating elesnts
of a hexahedral mesh. Linear brick elements with reduced integration were used
consistingof eight nodes and one integration poifite values of the six BQaarameters
passed into the UMAT subroutine were passed with unique values for each element. The
valueswere drawn from a library of parameter estimatestaining one estimation for
eachSVE in the ensembleThus, the BCJ parameters varied in value from element to

element within the mesoscale meskis shown inFigure 4.7. The element size
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corresponded to the size of the SVE which informed the paterastimates used in that
mesoscale model, e.g., when the 300 misp®er side SVEs informed the parameters, the
mesoscale mesh resolved elements of 300 microns per side. The mesoscale models were

used to simulate two hexahedral volumes, of either 0.emii2mm in size per direction.

4.4, Results

The variability and mean predictiorsd the s - ¢ behavior of polycrystalline
cartridgebrass are explored with twGP model forms and two characteristic SVE sizes.
Uncertainty is attributedo numerical imprecision ilmomogenizatiorand variabilityin

microstructure

The SVE instantiations from Dream3D contain variability. Grain shape and
texture were not varied. The size of grains and the number of grains per SVE were highly
variable.The gatistics of the grain size distributions of each SVE are showigure4.8
and Figure 4.9. A cluster of SVEs with much lower than average grain number are

present in themaller sized SVE ensemble.
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20° Element SVE Grain Size Statistics
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Figure4.8. Pairwise scatter plots of the grain size statistics which belong to each SVE in
the ensemble of 100 smaller polycrystalline volumes. Kernel density estimates{kde)
individual statistics are shown on the diagonal subplots. Farisyof the kdes show
probability density and have minima zéra
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30° Element SVE Grain Size Statistics
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Figure4.9. Pairwise scatter plots of the grain size statistics whitbnigeto each SVE in
the ensemble of 30 larger polycrystalline volumes. Kedegisity estimates (kde) of
individual statistics are shown on the diagonal subplbte yaxis of the kdes show
probabilty density and have minima of zero

The CP simulationgpresent variability in stress responge deformation This

variability is apparent in the results showrFigure4.10.

89



300 -

200 -

100 |

033 (MPa)

-100 -

-200

-300

300 -

200

100 |

o33 (MPa)

-100 |-

-200 -

-300

b)

90



CP Simulation Results Large SVEs with back o
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Figure4.10 a, b, c, d. Theesults of the CFSVE simulations for both SVE sizes and CP
model forms.

This variability reflects the microstructure variatigmesentn the SVE ensembleShe

approximation of the SVE results ugithe BCJ model largely capturdss variability.
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The discrepancy between the €/E results and the BCpproximationss formulated

as
Y& ( SVE strain) = \gg(& ,strail) d( stran +Errol (51

where Y2} ( SVE,strain is the CP model response (axial stress) ofitle SVEand as a
function of axial strain,Yar, (Ei,strain) is the BCJ model response given theh

calibration parameter estimaEe as a function of axial straiand d(strain) is thebias of

the BCJ approximations as a function of axial straims formulation is applied to each
combination of CP model form and SVE size included instinely. The bias of the BCJ
approximation isshown inFigure4.11. The bias is larger for the homogenizations based

on the smaller SVESs.
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combination ofSVE size and CP model form.
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The error term is treated as a random variable. The variation of the residual
between the target (CP) and the approximation (BCJ) is affected by numerous factors.
The calibration algorithm, the limitations of the reduced order model, and the variations
contaned in the SVE ensemble all influence this mismatch. There is a complicated
covariance between different parts of the residuals as functions of axial strain. The details
of this covariance left to later discussion. Without involving the covariance @rtbg
the error can be described as a normally distributed random variable whose variance is a

function of the deformation history. This variance is showhRigure4.12.
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Figure4.12. The standard deviation of the error between the BCJ model and the target
CP-SVE results as a function of the applied axial strain path.
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The error of the approximation was small relative to the variation captured by the
approximation.This is measured by the coefficient détermination, R°. For each
ensemble, theR? was taken for each SVE. The compiled values are showabte4-5.

The minimum walue of R* for each ensemble is the worst case of the approximation

procedure.

Table4-5. The coefficient of determination of the different homogenizations as averaged
over each ensertdband as minima of each ensemble.

R 20°el withA,, | 20°elA, = 0 | 30°el withA,, | 30°elA,, = C
Average 0.999417 0.999587 0.999656 0.999734
Minimum 0.998129 0.997812 0.999515 0.99954

The BCJ approximations reflect all thecrostructure dependewariability in the
values given to the six calibration parameters. To show the relationships between the
many parameters, which are implied by the fitting procedure, a correlatitergdat is
included for each pair of calibration parameters. Each point in each of these plots
represents the BCJ parameter values corresponding to a single SVE simulation. These
scatterplots are organized into a matrix layout, with each calibratioarpater in turn
appearing on the y and x axes. Along the diagonal of this matrix layout, KDEs are used to
show the distribution of the values for each paramietividually. A matrix layout of
scatterplots is shown for each homogenizatidriglire 4.13, Figure 4.14, Figure 4.15,
andFigure4.16). The correlation of the elastic stiffneés a Y o u n g,&Esandrileed ul u s
initial yield strength,Y , is strongly positive in all four case$his is quantified ireach

correlation matrix shown iable 4-6. Parameter value meansdagstandard deviations

are also shown imable4-6. Model form and microstructure influence the BCJ estimates.
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In the case of the kinematic hardening modulysthe kinematic hardening from tiP

model back stress is captured along with the 4igtemular kinematic hardening which

occurs in polycrystalline metal$he difference i, between the two CP model forms is

large and is present in all SVEs nearly equally. Thfece of the microstructure

instantation variability on intergranularkinematic hardening is inherently variable. By

inspecting the ratio ofl\%] of r,, evidence supporting this breakdown of the inderd

intra-granular kinematic hardening can be found. In the small SVE case without back
stress, the ratio is 0.6. When back stress is exclérded CP, intergranular kinematic

hardening mechanisng®minate kinematic hardening behavior at higher length scales.
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Table4-6. Correlation coefficients between the BCJ parameters calibrated to individual
SVEs.Mean values, standard deviations, and the standard deviation relative to the mean
of each parameter is also shown.

St.D.
Mean
1.00 090 -0.51 095 045 0.56 112883 10950 |0.097

30,w |E H R, Y h r Mean [St.D.

090 1.00 [0.22 085 052 0.44 1032 97 0.094

095 085 -0.53 [1.00 0.24 0.47 71.13 5.03 0.071

E
H
R -0.51 -0.22 1.00 }0.53 -0.28 -0.44 0.0708 [0.0087 |0.123
Y
h

045 052 -0.28 024 [1.00 [0.62 14264 (1506 |0.106

la 056 044 -044 047 062 |[1.00 120.1 5.72 0.048

St.D.

20,w |E H Y h r Mean [St.D.
R ‘ Mean

1.00 (0.87 -0.59 098 -0.19 0.10 113021 21241 |0.188

0.87 |1.00 [-0.33 0.88 0.09 0.08 1039 190 0.183

098 088 -0.57 [1.00 |[-0.21 0.07 81.02 |12.36 [0.153

E
H
R, 059 -0.33 1.00 057 004 0.04 0.0670 0.0151 p.225
Y
h

-0.19 0.09 0.04 -0.21 (1.00 [0.41 6838 [1544 |0.226

la 0.10 0.08 0.04 0.07 041 [1.00 84.1 11.06 |0.131
St.D.

Mean
1.00 [0.80 -0.49 088 -0.02 0.11 121041 11841 |(0.098

30, no |E H R, Y h r Mean [St.D.

0.80 1.00 [0.02 0.63 0.23 0.27 1248 124 0.099

0.88 063 -0.72 |1.00 |-0.40 -0.28 [85.67 [6.14 0.072

E
H
R -0.49 -0.02 1.00 }-0.72 0.55 0.51 0.1112 |0.0136 [0.122
Y
h

-0.02 0.23 055 -040 (1.00 [0.90 1689 737 0.436

la 0.11 0.27 051 -0.28 0.90 |1.00 S7.7 14.75 (0.255

St.D.

20, no |E H R, Y h r, Mean |St.D.
Mean

E 1.00 0.77 -056 0.93 -0.71 -043 (122974 24033 (0.195

0.77 |1.00 |-0.18 0.78 -0.34 -0.26 (1247 [221 0.178

093 0.78 -0.62 |1.00 |-0.58 -0.34 [87.63 [14.74 10.168

H
R -0.56 -0.18 1.00 -0.62 043 0.14 0.1047 |0.0229 0.219
Y
h

-0.71 -0.34 043 -058 [1.00 [0.64 1684 1010 |0.600

ly -0.43 -0.26 0.14 -0.34 0.64 [1.00 58.6 15.58 1|0.266
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BCJ 0 Corr. Matrix Large SVE with A
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Figure 4.13. All calibration parameters used to fit the BCJ model to ind@id8VE
simulations in scatteplots, in a matrix layout. Kernel density estimates of each
parameter are shown along the diagonal of the matrix layout. This figure contains the
data from the homogenization of the larger SVEs simulated with back stress.
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BCJ 0 Corr. Matrix Small SVE with A
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Figure 4.14. All calibration parameters used to fit the BCJ model to individual SVE
simulations in scatteplots, in a matrix layout. Kernel density estimates of each
parameter are shown along the diagonalhef matrix layout. This figure contains the
data from the homogenization of the smaller SVEs simulated with back stress.
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BCJ 0 Corr. Matrix Large SVE A =0
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Figure 4.15. All calibration parameters used to fit the BCJ model to individual SVE
simulations in scatteplots, in a matrix layout. Kernel density estimates of each
parameter are shown along the diagonal of the matrix layout. This figure contains the
data from the homogenization of the larger SVEs simulated without back stress.

100



BCJ @ Corr. Matrix Small SVE A =0
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Figure 4.16. All calibration parameters used to fit the BCJ model to individual SVE
simulations in scatteplots, in a matrix layout. Kernel density estimates of each
parameter are shown along the diagonal of thaixktyout. This figure contains the
data from the homogenization of the smaller SVEs simulated without back stress.

The libraries of&,., were used to inform the modeling of local variations in a

largerscale simulation. The finitelements of the largescale mesh were informed with

individual estimates oﬂ:[E,Y, H,R.,h g] , using random selection with replacement.
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The variabilityin the responsef the elements of thiargerscaleBCJ modelis
compared with the varialty of the SVEs, theBCJ estimates of the SVEs, and the
variability of SVEsized sections of some larger CP simulatiofisis comparison is
shown inFigure4.17. The variability of results is lower for the simulatiamsing SVEs
with larger volumes. The difference in variability between the SVE ensemble results and
the dissected larger CP simulation resghsild indicatethe influence of longer range
interactions on the local observed variabilithis difference in variability alsoppears
between the results of the BCJ approximations and the results of including those
approximations in a larger scale FE mesh, suggesting thahegligible longefrange
interactions have effects on the local variability observed, despite the reductmael
fidelity. The CP results for the model without back stredsibit increased variability at
the onset of plastic deformatioalative to the results of the model form which includes

back stress.

Assuming that interactions are simulated betwagnvelumes of the full field
simulations, the sulolume responses would be subject to spatial covariances. As a
result, they would not represent independent samples of a random variable. In the
following material, these suolume responses are treatedifathey are independent.

This is a useful simplification, given that the dominant effect in the variation between the
subvolumes is that of the randomly sampled differences in microstructure, which are

ostensibly independent.
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Variability of Simulations
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Figure4.17. The standard deviation of axial stress (in MPa) as a function of mean axial
strain, presented as a comparison of variability between modelling strategies.

The variability of the behavior of a 0.6 mmexahedralolume ofpolycrystalline
material is predicted by the mesoscale implementation of the BCJ model, and those
predictions are compared to the variability of fiidld CP simulationsAdditionally, the
SVE results and BCJ approximations are used to approach a joredicthe response of
the same material and volume by using a naive volume average of the appropriate
number of simulations to equal the mesoscale volume. The standard deviation of these
calculations is shown as a function of mean axial strafigare4.18. The full field DNS
present a large variation in relation to the other results. The remaining simulations present

very similar levels of variability to one another. This marked underprediction of
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variability is likely a result ofong range interactionsithin the full field CP model that

are omitted in the other simulationglaterial response is correlated between adjacent
volumes of materialln a statistical sense, this mimics a reduction in the number of
independent samples @haterial response which are present in the overall response
measurement. Notably, the BCJ model with local variations did not reprodulz@gée
variability observed in the full field CP ressil The agreement between the full field
models and the simuians based on th20’ element SVEs arises due to a canceling out
of the local variation overprediction of the simulations of that SVE sizeHigeee4.17)

with the mesoscale variation underpredictionisTdgreement is likely coincidental.

Variability of Mesoscale Simulations
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Figure 4.18. The standard deviation of the axial stress response of mesoscale volumes
predicted with the various modeling approaches. For completeness, naive volume
avaaging of the smaller simulations is included as a point of comparison.
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An ECDFis generated for the axial stress at each value of mean axial strain. As

an example, the distributionf BCJ approximations at,; =0.04 is shownfor two

different CP model forms irfrigure 4.19. To calculate the kS statistic, the absolute
difference between the two ECDFs is taken at all values,dalr s, in this case. The

maximum of his difference becomes the X statistic. For the ECDFs shown kigure

4.19, the KS statistic is 0.09.
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Figure4.19. An example showing the ECDF of BCJ results at 0.04 axial stvasgd on
the two different CP model forms.

The K-S test is used to determine the probability that the two samples are taken
from the same distribution. For a sample size andSadatistic, a probability is

determined using the tw&idedasymptotic KomnogorowvSmirnov distribution This

105



application uses this probability to indicate the information loss between the target

sample and the approximation sample.

The information loss of theoarsegrainingis quantified usinghe K-S test The
DNS often0.6 mm sizedhexahedral polycrystallineolumes are usea target sample of
the material response of C260 at 0.2 and 0.3-simed hexahedrakubvolumes.
Empirical cumulative distribution functions are calculated from the sets of reshks.
SVE ensembles, & BCJ approximations, and the elements of the mesoscale BCJ
simulations are compared to the reference distributiostress response to mean axial
strain The comparisons are made using faenplesof stressresponses in eacat a
specified applied strajras seen ifrigure4.20. The two samples of results are considered
to be from different distributions if the probability value drops below the significance
level of 0.01. The approximations are successful if the probability valteglis This
indicates the probability of the null hypothesis of the two sampl® test: the two

samples are drawn from the same distribution.
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K-S 2-sample test vs. Full Field CP
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Figure4.20. The K-S test of each set of simulation in companiso the reference of the
full field CP simulations of the polycrystalline materidhe significance level used in
this test is 0.01.

To isolate the variation of simulated response in -& kest, the bias of the
simulation methods was identified and remd. Bias was estimated by comparing the
ensemble average response between the different approaches, the results of which are
shown inFigure 4.21. The bias of the BGBased methods is more pronounced in the
approximation of the CP ndel with back stress. The BCJ model is known tedjct
elastieplastic transitions to be sharper than thedictiors of a CP modelThis is a result
of the presence of material heterogeneity in the polycrystal plasticity simulation, as well
as difference in the form of the flow rule. In the results from the CP model form with

back stress, the elasfitastic transition is more gradual, and less suited to being
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approximated by this formulation of the BCJ moddie K-S test repeated for the model

results,after compensating for the estimated bias, is shoviginre4.22.

Bias in Mean Response vs. Full Field CP
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Figure4.21. The estimates of bias in axial stress (MPa) as a function of mean axial strain.
Bias is measured inomparison with the full field CP simulations, using the difference
between the ensemble mean of response of each simulation approach.
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K-S test vs. CP with Bias Compensation
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Figure4.22. K-S 2sample test results for each simulation approadomparison to the

full field CP simulations. The test is performed using the bias corrected distributions of
axial stress response as functions of mean axial stkasignificance level of 0.01 was
used for this test.

45. Conclusions

The analysis of the mults is organized into main topics. TRE model form
study showed that the inclusion of back stress has effects on the predicted response at
higher length scalesThe results othe SVE size study sh@ahat the 200e n SVEs
have larger numerical uncertainty than tlf80¢ n SVE ensembleThe correlations in
BCJ parameter estimates are discus3ée. capability of the BCJ model in describing
plasticity at the mesoscaise found to require covariance information beémn adjacent

coarse grain element& prediction of the coarsgrained covariance is formulated, based
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on quantitative characterization of simulated microstructlitee value of correlation

enforced local response measurements is discussed.

4.5.1. Back Stress i€rystal Plasticity

The inclusion of back stress in the simulation of material response at the
mesoscal@llows for the metalastic behavior observed in C260 to be included in the CP
model. This study had limitations with respect to data availability. aAsesult,
experimental data of a cyclic loading of C260 could not be used to specify the ratio of
kinematic and isotropic hardening in the calibrated model. This work relies on the
observations of Wagongil982)to assert that the hardening behavior in the material is
primarily kinematic up to strains of 0.04, after which the saturation of kinematic
hardening leaves isotropic mechanisms as the dominant influence on response. Thus, the

calibration of kinematic and isotropic hardening could be identified from the limited data.

As seen inFigure4.13 throughFigure4.16, the exclusion of back stress in the CP
model leads ta@oarse grained representations whose kinematic hardening is dominated
by intergranularkinematic hardening. When thagrostructure is varied from simulation
to simulation, the predictions of kinematic hardening are more variable for the back stress
exclusive calibration (relative to the maguitu of the expected mean kinematic
hardening, which is lowgras shown iTable4-6. This effect clarifies the importance of
choosing appropriate models in microstructseasitive approaches. The consequences

of choosing a lower fidelity alternative may persist into cogrsened predictions.

The BCJ modeltsuggled to replicate the gradual elastic plastic transition shown

in the CP simulations. The inclusion of back stress in the CP model led to an even more
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gradual transition between elastic and plastic response as a function of applied strain. To
mimic this feature of the simulated response, the BCJ model requires extreme values of
hardening parameters which lead to algorithmic instability. This limitation affects the
fidelity of the coarsegrained model, as can be seenFigure 4.21. Future work may

benefit from using models and approaches which can overcome this numerical limitation.

45.2. SVE Siz&ffects

Both SVE ensembles used in this study (hexahedra o€ 20@nd 300 n) were
too smal to capture some interactions. From a homogenization of microstructure
perspective, neither was sufficient in size or number. Rather ftbeunsing on
performance of homogenization, the focus of this work is to articulate the challenges to
the coarsearainng of polycrystalline response at length scales at which inhomogeneity

in response is present.

The K-S test suggested that the 30h SVE ensemble performed better than the
200 € n SVE ensemble. A clearnfterence in information loss existed between the two
sizes of approach, as compared to the 600 simulations. This information loss was

observed prior to the BCJ approximation ($egure 4.20) as well as dér the bias
compensation (sefigure 4.22). The smaller SVE size ensemble overestimated local
variability. In situations where coarse graining at scales near the maximum grain size is

needed, some method other than the SVE ensempteach may be necessary.
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4 .5.3. Correlations BetweeBCJParameters in the Calibration Set

The predictions of the BCJ parameters exhibited covarmti@tweenkE Y , and
H . This covaration isa topic of interest to surrogate model development. In this work,
the GP model was used as a calibration aid, and not in place of the BCJ simulations (as
would be the case in a surrogate modeling appro&tertheless, an identification of

the aigin of these correlations is of interest.

If the parameters of the BCJ model are identifiable given the calibration data
used, the covariation in the parameters reflects a covariation of behaviors present in the
data. Commonly, parameters of a materrabdel are treated as random variables, and
analyzed as if they exhibit independence. In this work, care was taken to avoid this. BCJ
parameter estimates were considered as vectors of six associated quantities as opposed to
samples from six independent rama variables. In future work with GP models on this
material, the type of approach shown may be warranted unless some stronger basis for

independent parametric variation can be made.

4.5.4. Spatial Correlation of Coars&rained Elements

Properties have spatiabcelations in microstructursensitive simulations. These
correlations have consequences when making predictions of the variability of properties
while traversing length scaleAt the length scales simulated in this work, a proportion of
the correlationsare not enforced i naivecoarsegraining approachi.e., an approach
which does not consider the expected correlation between the simulated response of an

SVE and the response of a neighboring volume
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The BCJ local variations model underpredicted wthgance of response in 600

€ n SVEs. The coarsgrained BCJ model with local variations was populated with

parameter values without enforcing correlations between adjacent elements. The severity
of the variance underprediction s@gts that these correlations have significant effects on

the variability of mean response as a function of SVE and cgeaag@ng element size.

The variances predicted by each modelte compared to estimate the number of
independently sampled calibrat® whose average would vary in keeping with the- full
field simulations. The predictions are shownRigure 4.23. The mean offour BCJ

approximations bSVEs of 300 n in length had the most similar varianceresponse
to that ofthe 600g n length CP simulationdf the full field volume is composed of 300
€ nin length subvolumes and the response of each-gollome is assumed to be

independent of nearest neigib, the mean of eight BCJ approximations would be
needed to match varianceauch a significant differencgour instead of eightyuggests
that the use of fully independent results in the informing of the capeseed model is

not aviable approactfor making predictions at the mesoscaletfos material.
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Figure4.23. The variability predictions based on a reduced number of independent sub
volumes which correspond to the ffikld variability. The numier of samples used is
shown in parenthesis in the legend.

4.5.5. Microstructure Quantification Based Prediction of CoafSeained Correlations

Microstructure determines the correlation between the responses of adjacent
volumes. Grains which occupy multiple acgat coars@rained elements lead to
covariance of the mean responses of those cgaaseed volumes. A simple algorithm is
used to calculate the proportion of volume in SVEs of a given size which is occupied by
these fiboundarys p | grdin8. A 2d sectionis taken from each SVE, and two
perpendicular lines are drawn on the section. The grain containing the intersection is

counted three times, the grains intersected by either line are counted twice, and the other

114



grains appearing in the section are courmtece. This frame is shown Fgure4.24. The

volumes of the grain¥, are multiplied by the counting multipliensy, and the sum is

divided by 6 times the total SVE volume, i.e.,

- (D

a mv

Corr(SVENN) © E&&=l
€ Vove
&

O

~
<

for an SVE ensemt (52

e/ C

where E[X] is the expected value of x, here for the ensemble of SVEs, and

Corr(SVENN) is the estimated correlation between nearest neighbor SVEs in a-coarse

grained modelThe countng multipliers, along with the division factor (6) are included

to account for the dependence of the covariance of regions which split a homogenous
volume on the proportion of that shared volume in either region. The covariance is
highest when the volume split evenly. When counting grains on a planar section, lines
and points have increasing preference for grains which are (A) larger and (B) bisected at
a plane nearer to the grainos centroid,
formulation is left & simple as possible, while reflecting the conditions imposed by

periodic boundaries.
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Figure 4.24. The counting frame used to estimate the shared volume for an SVE of a
specific size.Numbers represenin for each grain shown. Periodic boundaries are

imposed.

The correlation of adjacent SVE sized volumes in thefieldl simulations was
calculated to compare with the above microstructure characterization base approach. The
statistcally measured fuifield correlations were taken only -plane, for the plane
normal to the loading direction. This was done to avoid including the micromechanical
covariation of stress along the loading direction in the estimate of microstrspiecdc

covariation in stress response. The correlation was averaged in an equal weighting of

116



stress valuess a function of strain. These results are shown alongside the results of
estimates of the shared volume correlatiorm@ble 4-7. The precision of the match is
considered coincidental, as many influential factors were not included the

correlations change as a function of applied strain

Table4-7. The estimates of the correlationialin applies when embedding the properties
of SVE results adjacently in a coarg@ined mesh.

Coarse Grained Nearest Neighbor Correlation Coefficient Estimates

SVE Size | Full-Field Statistics| Full-Field Statistics MS-Characterization Base
with A without A Estimates

20& n 0.340 0.299 0.342

330G n 0.212 0.186 0.218

4.5.6. TheScaleSeparation ofnteraction Lengths

Coarsegraining of polycrystalline plasticity athe subRVE scale requires a
separation of interactive and covariance effects by length daaielized simulations are
needed to inform the material response at the length scales between single crystal and
RVE. These local simulations do not contaah essentialcorrelation lengthsthat
influence the spatial covariance of microstructure and response. Hushional
covariances must be included as an additidfzlero. When informing a coarsgrained
mesh, the local measurements must be used in cdiganeith a correlation enforcing
algorithm. This algorithm may need to be designed with the consideration that the
parameters of the coarse graining (CG) model (BCJ in this work) and the response of the
material may not have a linear relationship. As aulte interpolations in the CG

parameter space may not suffice as amseof interpolatingesponse. If interpolation is

117



used to enforce correlations in the CG mesh, it will depend on a detailed model of

parameter effect§.he development of such an apprbas left to future work

4.5.7. Summary

The conclusions of the work are summarized. SVEs which are too small will
overestimate variability specific to their length scale, as was observed with SVE$ of 20
elements. The exclusion of back stress from a CP modelresult in kinematic
hardening predictions of purely intgranular characterParameters which describe
related behaviors are subject to covariatiBpatial correlations omitted from a local
coarsegrained approximation are necess#éwyinclude inpredictions of variability at

lengthrscales larger than the SVE length of the approximation.
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CHAPTER 5. MULTISCALE MODEL DEV ELOPMENT:
MICROINDENTATION AND MESOSCALE VARIABILIT Y IN

POLYCRYSTALLINE CARTRIDGE BRASS

In this chapter, a multiscale model development straisgproposed for a
reducedorder mesoscale model for a polycrystalline ductile metal. Data is gathered on
the deformation response to load of cartridge brass aseparatéength scaledJniaxial
tensile test data, paired with EBSD image data, is usedlibrating a crystal plasticity
(CP) model of polycrystalline cartridge brass. Microindentation data is gathenegl
cartridge brasspecimensvith matching microstructure statistics. A bottap pathway
is established using Dream3D and the CP modsinmlate statistical volume elements
(SVE). A topdown pathway isoutlined using the microindentation data and FEM
simulations of microindentatio® multi-objective calibration is proposed to identify the

reducedorder model design® be usedn a multiscale application.

5.1. Introduction

The maturation of additive manufacturing (AM) is leading to the rise of
increasingly intricate components in demanding applicatiBiisas et al., 2016; Frazier,
2014) The features of these parts wathonexist at the same length scales as features of
the microstructurgHirt et al., 2017) For these componentd)e influence of material
response variabilitand feature geoetry will likely interact in determining the reliability
of a specific designTo optimize feature geometry and microstructugemodel may be

neededvhich can capture the influence of both.
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Engineering modelgannot yet capture the interactions of mitmasture and
geometry which influence performand&rancois et al., 2017; Hirt et al., 2017)
Designing a new modeling tool will require a consideration of both a&odtfidelity.
Homogeneous treatments are unsuited to capturing microstrsetiusdive response.
The expense of full field resolution of microstructures nragke CP modelingost
prohibitive to engineering applicationé reducedorder model of ductile ntal plasticity
which can approximate mesoscale response variahiigy be appropriate as a

compromise of cost and fidelity.

To avoid bias in the model, the botteap CRSVE simulations are used in
conjunction with topdown observations of mesoscale vhiligy. Microindentationhas
been historicalljused as a nedestructive test of material properti@shop et al., 1945;
Blau, 1986) Recentlyhanoindentatiomas been proposed as a method for gathering high
throughput observations of localaterials propertieVNeaver et al., 2016)n this work,
microindentation is used as a tdpwn data source for variability in th@mesoscale

responsef polycrystalline cartridge brass.

To develop a&omputational engineering tool for mesoscale polycrystalline ductile
metals, a reducedrder modeling approach is proposed along with a multiscale approach
to the calibration and design of that modéVlicroindentation measurements,
microstructure statisticsand uniaxial tensile tests are used to develop a multiscale
calibration dataset. Discussion is focused towards the obstacles to model development

and model formulations which may lead to improved multiscale performance.
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5.2.  Methodology

The proposedmultiscalemodel development framework is described in detail in
this section. The content is divided into three subsections: the bafigpathway, the

top-down pathway, and the multiscale development criteria formulation.

5.2.1. BottomUp Pathway CP-SVE

This setion describes the steps involved in connecting crystal plasticity to
mesoscale response variability predictions. A previously calibrated CP model is
identified. The microstructure statistics of the material are used with Dream3D to
generate finite elememhesh instantiations of the material.sufficient size is identified
for the SVEs to capture variation in mesoscale response. An ensemble of SVEs is used to

comprise a BU prediction of mescale response and variation.

The initial work for the BU pathwais taken from the work of Chapter®he 300

€ n SVE ensemble is chosen to investigate variability in the material response at the

mesoscale.

5.2.2. Top-Down PathwaySpherical Microindentation

This section contains a stepwise deswmiptof the methodsisedto establish a
top-down connection pathway from spherical microindentation to the mesoscale
variability of material response to loadinghese steps are outlined here, and details are
provided in the remainder of the secti@nasssheets cut into samples, characterizey
visual microscopy, and compared to the BU statishtisroindentation experimentse

carried out on samples of annealed rolled cartridge lpkde at room temperature
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Variations in deformation response ot differentindentation loads is measured within
eachset of 50 tests per loadfEM dmulations of microindentation is used to relate

measurements to material variability.

5.2.2.1. Specimen Preparatiaand Characterization

The Cartridge brass samglare takenfrom plate procured from McMasté&arr.
The specimen from McMaste€arris to specifications of ASTM standard B36. The plate

measured0.125" 0.007 thick and 6" square. The materiab %2 hard,with a heat

treatment HO2The plateis cut into smallsample of roughly 0.5in* in areausing a
waterjet cutter(Maxiem 1515 manufactured by Omaaperated by the Georgia Tech

Invention Studio

The material samplesre prepared for characterization andstieg Sample
preparationwas performed by Theodore Zirkl&€he samplesare mountedn Bakelite
forming cylindrical mounted samples with circular top surfaces of 3 cm in dianiéter
mounted sampleare polished under-%0 Ibs force per sample at 100 rar 1 minute
using ALO paper for each at three grit levels, P220, P500, and P1200 with water as a

lubricant. Polishingis continued with 1€ n DIAMAT diamond abrasive grit on an

ATLANTIS polishing pad with DIALUBE Purple Extendeubricant for an additional

two minutes. Polishingis concluded with 0.0% n aluminagrit on a NAPPAD polishing

pad at 100 rpm for one minute. The details of polishing are summariZedbies-1.
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Table 5-1. The stepwisedetails of the polishing procedure followed in preparing the
C260 samples.

Abrasive Surface Lubricant Force per | Speed Duration
sample

P220 grit ALO paper | Water 5-10 Ibs 100 rpm | Until planar

P00 grit ALO paper | Water 5-10 Ibs 100 rpm | 1 min

P1200 grit ALO paper | Water 5-10 Ibs 100 rpm | 1 min

len ATLANTIS | DIALUBE 5-10 lbs 100 rpm | 2 min

DIAMAT polishing Purple

diamond pad Extender

0.05¢ n NAPPAD None 5-10 Ibs 100 rpm | 1 min

Nanomete | polishing

alumina pad

A sampleis etched to characterize microstructukgching was performed by
Theodore Zirkle.The etchingis completed in three steps. The first step ctgmsisan
immersion of the polished sate in dilute ammonium hydroxidd?ace Technologies
premixed etchants, Copper No. 1 and Copper Nar€used by swabbing the sample

with the etchant. The details of the etching procedure are summarizadleb-2.

Table5-2. A stepwise summary of the etching procedure used in this work.

Etchant Concentration Application
Dilute NH\OH/H>O | Dilute Aqueous Immersion

Pace Technologies | 50% (v/v) DI Water Swabbing
Copper No. 1 50% (v/v) Nitric Add
Pace Technologies | 80% (v/v) DI Water Swabbing
Copper No. 2 20% (v/v) HCI
40g/L FeC}

Microstructure statisticare gathered from micrographs of the etched specimen.

Micrographs were taken by Theodore ZirKlde optical microscopis perfomed using
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a Leica DM IRM microscope, and the sample is placed on a Prior Proscan electronic
stage. Micrographs are taken at 2.5X and 10X magnification. Micrographs are obtained
using a Photometrics RS CCD camera operated using Imagepro MC imaging software.
An example micrograph is shown kigure5.1. Analysis of the micrograph@erformed

by Theodore Zirkleprovided grain size statistics of a lognormally distributed type, with

a mean apparent grain size of @1n.

Figure5.1. A 10X magnification micrograph taken of the etched and polished sample of
the C260 HO2 plate obtained from McMas@arrr.

5.2.2.2. Microindentation Procedure

Proprietary microindentation equi@nt is used to perform testing. Spherical

microindentation testingvas performedby Theodore Zirkleusing a Futuretech FR
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indenter. The i nden@as8mm)bal indentgr, which meets the c o 1.
ASTM E-18 standard. The Futuretech inderdan only apply specific magnitude loads.

The loads used in this study are 60 kg and 100 kg. Each load is applied to points on the
surface of the sample, with a 3 mm separation between points. A total of 50 tests are
performed at each of the two specifiemhdls. Measurements of the radius of each
indentation are gathered by using imaging software to analyze micrographs taken after

testing.

5.2.2.3. FEM Simulation

To relate the testing results to material response, a FEM simulation was
performed. The FEM simulation a8 performed using ABAQU$SImulia, 2007The
details of the simulation are summarized in this section, with specific attegiien to
the mesh construction and the material model u3é@odore Zirkle performed the

simulations described in this section.

A mesh was created to accommodate the loading conditions of spherical
microindentation in an efficient simulation. The mestb@ased on work of a previous
student on FEM simulations of spherical nanoindentgfsrddy, 2016) The simulation
mesh is a B axisymmetric formulation, with thaxis of symmetry at the point of initial
contact of the indenter and the samflee mesh has a free fage at the top anduter
boundaries. The bottom boundary is displacement controlled indiiection (parallel to
indentation direction). The mesh density is varied linearly to maximize resolution at the

critically stressed region. An image of the mesimcluded inFigure5.2.
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Figure5.2. The axisymmetric mesh used in initighsilations of microindentation.

A material model was created by fitting tensile test date tensi data was
taken from published work on cartridge brass with matching microstrustatistics
(Carroll et al., 2012JAbaqus 6s built in piecewise | inea
response coesponding to the mean grain size ofé7h. The model is isotropic and rate
insensitive. The indentation is performed in simulation until a target applied load is

reached.

The material modelis varied linearly to investigate theersitivity of
microindentation radius to material response. A response coefficienised to

multiplicatively modify the mateal response to a given stress, i.e.,

s =[Coef] 1 ( ¢ (53
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where s is stress, f (e) is the modeled strain response to stress, [aIunbf] is the

response coefficienMicroindentation simulationare performed using a range of values

for the response coefficiebetween 0.8&nd 1.12

The influence of the response of spatially distinguished volumes on the variation
of indentation radiuss investigated. The variability of the indent radius at fixed lisad
compared for a range of response coefficient values, applied tontine simulation
volume. An aditional comparison is made, only modifyitiie response of the material

within the critically stressed volume (defined at maximum indent depth).
5.3. Initial Results

Microindentation data is presented. Initial FEM simulationg® aised to
investigate the volumetric domain of the material response which influences the

variations found in the microindentation data.

Two loadsare investigated. The 60 kg load indentatians observedith a mean

indentation radius of 388.4 n and a standard deviation of 3.£ n. The 100 kg load
indentationsare observedvith a mean indentation radius of 499n and a standard

deviation of 3.8% n. The data are shown in histogramdagure5.3 andFigure5.4.
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Figure5.3. A histogram of the 6@g load spherical microindentation measured radii.
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Figure5.4. A histogram of the 10@g load spherical microindentation measured radii.

Initial FEM simulationsareused to explore the relation of the measured quantity
to material responsé 60-kg load is used ithe initial simulations. The indentation radii
are shown irFigure5.6. The volume of material critically stressed (>90% of maximum
stress) is measured and shownTihe critically stressed volume only contributes 12.1%
of the vaiation in measured indentation radius, relative to the variation from modifying
the response of the entire simulated material volume homogenously. It is noted that the
simulations predict indentation radii which are larger than the experimentally observed

values by a factor of two.
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Figure 55. The critically (>90% of max) stressed volume in microindentation as
simulated.
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Figure 5.6. Initial simulated indention radii sensitivity to modification of material
response in entire material homogenously, and in only a critically stressed volume of the
material.
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5.4. Discussion

Theremainingchallengs of informing polycrystalline response variability from
microindenation dataarediscussedT he use of a set of GBVE microindentation
simulatiors may be needed to explore interactions between microstructure and
microindentationThe coordination of TD and BU information in redueader model

development is outlined.

Microindentation variability and microstructure variability are not well linked
This connection requires a simulation of microindentation in order to relate the measured
gquantity (indentation radius) to an indication of material respaaseell as a iame of
material associated with the measuremeéppically, this volume is estimated in an
equally weighted sampling of grains, according to a relation of grain size and indentation
stress zone size. It y&tto bedeterminedf the dependence of the neemed response is
equally dependent on each of the grains in the affected Zhrenodel used to make
this connection is a biasing influence on any subsequent connections between length
scales. Additionally, the differences between the simulated indemiatid the
indentationasmeasured experimentally can have profound influence on the
interpretation of the dat&or example, the elastic deformation of the indenter tip may
affect the observed indentation radiAs. optimization of the TD pathway may be

critical to the full development of a reducedder multiscale model.

A fully resolved CPSVE study of microindentation may be needed to explore the
interactions of microstructure variability and the deformation of microindentation. Initial

simulations sugest that material response outside the critically stressed volume has
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greater influence on the observed indentation radius than the material response within the
critically stressed volume. The extent to which material surrounding the plastically
deformedregion is included in the determination of the microindéoaadius has not
been fully explored. Such an exploration is needed to aid in developing a rextdeed

model of the deformation response.

A reduced order model which can be fitted to dawenfif D and BU will likely
include certain capabilitiegt the mesoscale lengths of interest, the response of an SVE
is anisotropicGiven that the loading conditions of the BU (uniaxial tension) and the TD
(spherical microindentation) are different, a regldi order model which fits both datasets
will likely need to reflect anisotropy in coargeained response. Given that the mesoscale
lengths of interest are likely smaller than the largest lengths of measurable microstructure
correlation, correlations betgn coarsgrained elements may be necessary to

appropriately populate larger simulation volumes.

To summarize, an initial exploration of a multiscale development framework for
modeling the mesoscale variability of deformation responsarinidge brass
performedMore work is needed to use microindentation to quantify microstructure
response variability from TDA full CP-SVE testing may be needed to explore the
interactions of deformation and microstructure at the mesoscale. &pansed models
with support for anisotropic response may be necessary in candidate redised

models.
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CHAPTER 6. a -TI TEXTURE EFFECT CALIBR ATION IN THE

MATERIALS KNOWLEDGE SYSTEM

Microstructuresensitive modeling of materials is an expensive part ofGME
paradigm.Datadriven structureproperty relation discovery algorithms, such as those
based orthe Materials Knowlede System (MKSJFast and Kalidindi, 2011; Kalidindi et
al., 2010)acceleratemicrostricturesensitive modeling, making applicable totime-
sensitive use cases. The calibrationMKS to a new material systewan be a time
consuming procedure, and it requires the user to understand texture analysis, the crystal
plasticity (CP) model usednithe calibration, and thenanner by whichthe MKS
constructs a model for a materidkxercising theCP model is also the largest
computational expense associated with the use of MIEmization of the calibration
procedure for MKS would both further aerate the use of MKS and simplify the
process for developing MKS for new materials. In this work, a typical approach to
calibration of MKS is compared with a calibration methadich usesGaussian process
(GP) based adaptive samplimg an application taa -Ti. The typical approach uses both
known textures and hypothetical textures in a statistical volume element (SVE) ensemble
approach tacalibratethe MKS modeffor the predefinedextures. The adaptive sampling
method usesa sysematic fibinning of texture8 procedureto generalize the MKS
calibration acrosshe range of feasibleextures. The finite set of textures obtained with
the binning procedure isdexedfor use with the GP modeising generalized spherical
harmonic(GSH) functions,which constitutean orthonormal, primitive basisf texture

The number of S¥s in each ensemble is studied to asséfexts on theefficiency of
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exploring texture. The predicted variance of the GP at randomly selected textures is
correlated wth the validation uncertainty of the MKS model calibrated on the set of SVE
ensembles which inform the GPhe validation of the MKS model is used as a measure
of calibration success and is used to determine the relative merit of the different
calibrationapproaches consideretihe results of the approach indicate the influence of
misorientation in polycrystalline responsmprovementsupporting the use ®fiKS as a

predictive toolare discussed.

6.1. Introduction

TheMaterials Knowledge System is a collect of structureproperty relationship
discovery toolgKalidindi et al., 2016; Paulson et al., 2017; Wheeler et al., 28dd)is
implemented in python as P& (Wheeler et al., 2014 he homogenizatio model of
MKS links microstructure to properties with sophisticated regression methods. The
properties are interpolated from results of €Rulation of SVEs. Microstructure is
parameterized using twaoint correlations between the crystallographic oagans of
the material at each element in the SV#EnNcipal component analysf®CA) is used to
extract the most important correlations. A polynomial regression is used to explain the
variation in CP results with differences in the microstructure. Onideraizd, the MKS
homogenization method offers profound efficiency increases over CP simulations alone
(Paulson et al., 2017)The design of thecalibrationdatasets the mosttomputationally
expensive and analytically intensive step for applying MKS to a new material. In order to
expand on the advantages offered by MKS, this work uses a Gaussian prodessomo
direct CP simulationan the exploration of amaterial system across textur€he

challenges to this work are the high dimensionality of texture and the expense of high
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precision simulations. Strategies are employed to make efficient use of caomaltat
time in the exploration of texture effects on propertfesystematic binning of texturie

explored on a parametric basis.

When texture is part of the design space for a material, the definition of a hull
(Adams et al., 2013a, 2013ig)needed. The microstructure hull is a convex set of texture
definitions which contain all possible microstructures for the material system. Without
this hull, the design space is incompletely defined, and wigddymicrostructures might
be preferred by optimization of the design parameters. The work in this chapter is a
preliminary step in the design proces$s. simplify the calibration, the incorporation of a

completemicrostructure hull is left to subsequewirk.

Data selection is a bottleeck for algorithmic patterrecognition Differing
notably from the scientific approach to data collection, -daitz2en applications require
algorithms to work in an a priori usmse, i.e., the data needed to inform algorithm
must be collectible without expert knowledge guiding that collection procedure. To
specify what this means in a material modeling contéad, calibration of MKS for a
newer material system is described. Assuming a CP model of this materidirsted to
experimental specimen testing such that it is considered accurate across all textures, an
MKS model can be calibrated using the CP model. A scientific approach to the data
selection for the CP to MKS calibration would explore the microstrudtutiefor this
material. In a datariven paradigm, the microstructure hull may or may not be available.
The datadriven calibration of MKS for this new material could be usedvestigate its
potential design performance. This approach could motivaareh investment in the

material systemThe datadriven data selection requires a generalizable procedure which
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considers computational budgetary constraints. The data selection methods which abide
by these requirements are significantly different frolme ttraditional scientific

approaches. Such differences discussed in this work.

Generalized spherical harmonic (GSH) functions are used to provide reduced

order representations of textufddams et al., 2013c, 2013d; Bunge, 20I)e GSH

functions, T™ , form an approximate basis for aeéfinitions of textures,f (g) ,in a

crystallographic systeni.e.,

a 4
f(g)=4 &
1= =

Om =1In

':a:lmn-l-mn( ) (54)

where g represents an orientation in Eulegbnform, (/ v 20 This basis is navigated

using coefficients<C™. While the GSH functions are an infinite series, they are truncated

for use.The truncation leads to an approximate representation of texture \sfhirea
finite parameter spacdhe GSH coefficients are used to index the textures generated

with a binning procedure such that they can be explored parametrically.

Gaussian Process (GP) models are used for regression, classification and as
surrogates dr more expensive model¢Forrester et al., 2008; McHutchon and
Rasmussen, 2011; Rasmussen and Williams, 2006¢se GP models use kernel
functions, whose hyperparameters arf®ermed usingobservation®over somespecified
input basisThe hyperparameters are tuned to maximizectivalitionallikelihood of the
mode| given the observationsThe definition of the kernel function allows the GP to

define predictions over the basis in terms of a mean function and a covariance function.
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Gaussian process model is usedntonitor the exploration of texture space in the
calibration simulation sefThe GP model gives predictions of response as well as the
predicted standard deviation from the mean at any point in the input space. Combining
these predictions witlan incrementaldata colleabn approachallows the design of

experiments to adapt to the responses as they are measured

Adaptive sampling has been used in materials dgflghghannasiri et al., 2017;
Gopakumar et al., 2018)Adaptive samplingmethods depend on a feedback loop
between observations and subsequent experiments. This feedback loop arafteoe
with a surrogate model and anb j ecti ve <criteri on. The surr
guessesd of properties and , hased emr dolectadt vy ac
measurements or simulations. In design problems, adapat@ collection is often
approacheas a twephase proceds, composed oexgdoration and exploitationin the
explorationphase new experiments are selected to maximize reduction to uncertainty. In
the exploitationphase experiments are chosen which are likelymprove uporthe best
possible observedesignpropertiesThe adaptive sampling application in this waides
an uncertainty reductioobjective, i.e., itis exclusivelyemployed in theexploration
phaseln this work, a calibration of a MKS model for all textures is the desired outcome,
as opposed tan optimizationof a set of design propertiel.is also noted thafor this
work, the CRFEM simulations replace tHaboratoryexperiments in the feedback loops

of the exampleseferenced

The use of GP surrogate models in high dimensional adaptiwelisg has
notable limitations. The GP model, under an uncertainty reduction sampling criterion,

wi || tend to prefer the exploration of t
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combinations of parameter values near to the maximum and minimum ofe& 3Jhés
tendency can be problematic for the case ¢
indicate aphysical combinations of GSH coefficients. Additionally, the exploration of
thes@mefisor can be -dinxepsombkspaces. Thenwork indighapter

efficiently avoids these issues by limiting the exploration to an independently defined

data frame. The GSH functions and GP model are used to select from a limited set of

textures by developing covariances in terms of a GSH space.

a -Ti is the material modeled in this worki-6Al-4V, also known as Ti64, is an
important alloy in aerospace applicatig@®yer, 1996) The two-phase alloy consists of
the hexagonala phase and the cubi® phase(Donachie, 2000)The alloy has useful
fatigue and creep resista as well as the characteriatlg high specific strength of
titanium. While thetwo phases appear as a mixture in Ti64, the work in this chapter
models the texture of the component alone, as a simplification of the full geob of
texture and phase fractiodrzysztof Stopkaet al. approach the twghase Ti64 problem
in recent work(n.d.). Krzysztof Stopka implemented the crystal plasticity modeling and
MKS work which is documented in this chapt€he crystal plasticity model used far-

Ti in this work is taken from previous wo(B. D. Smith, 2013; Zhang et al., 200The

quantites of interest in this worlare the texture dependence tbfe yield strengths. ,

(measured as the 0.2% offset yield, , ,,,) and the uniaxial elastic stiffness modulus,

E,..
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6.2. Methodology

The systematicexploration of éxtures was approacheas follows Multiple

calibrations were designed to explore the effediinhing texturesand the use of the GP

model.The design scheme is summarized in a flowchafigare6.1.

Combinations
of Euler Angles

GSH
Coefficients

GP model
Uncertainty

Minimization

Figure6.1. A flowchart ofthe calibration datasetesign
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Textures . .
Calibration

Ensemble LEic

size

The number of total simulations is held constant between -calibratmnseflect

computational budget constrain®vo control calibrationsvere designed which do not

use a ® model:one which uses texture targdislonging to the binned procedurally

generated set, the other usilegtures from previous MKS calibration work and are not

contained by the binned séthree calibrations are formulated to use@®en adaptive

sanpling with differently sized SVE ensemble&. set of texturexhosen to maximize

coverage in the calibration spaaee used to initialize the GP model. Batches of SVE

ensembles are run at textures whingtve maximum predicted potential to reduce the GP

prediction uncertainty Validation setsare designed to test the performance of the

calibrations in different situations. The validation sets are either selected from the binning
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procedure or originate external to the binning procedihie. MKS modelsg¢alibrated on
each calibration design, are compared in teaihsean relativeerror in predicting the

resuls of the validation simulations
6.2.1. Data Selection: Texture Binning Procedure

A texture binning procedure was used to define a limited set of texturesefan u

the calibration of an MKS model. The section of Euler angle space which describes all

hcp crystals is discretized by takieght values of the first twiuler angls, {/ ,, £ j}.
The third Euler anglej ,, was not explored, given that the GSH indexing method used

did not distinguish between different values/aof. The 64 combinations of the discrete

values are used in addition to random texture as a fundamental set of orientdtases.
orientations are used individually to establish the basic 65 texflinestexture set is
expanded by including binary combinations of all @®&ferred orientations ratios of
0.250.75, 0.50.5, and 0.79.25. The total set of textures ha8@b speific orientation

distributions.

Random noise is added to sharp texture components when informing the SVE
instantiations. The CP model depends aoystallographic differences between grains,
rather than grain boundaries, to simulate a polycrystal. Ifpsteattures were imposed,
the CP simulation would effectively combine grains of the same orientation into a single
crystal. To reflect the grain size statistics used in the instantiation of the microstructures
used in this work, random noise is added todtharp textures when informing the grains

of a SVE, prior to simulation. Noise is applied in a Euclidean space which is
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subsequently mapped onto the Euler angle space. The mapping is peffiarriedhcp

crystal system of -Ti asfollows:

e[ € & §]0¢q ¢ il v If Jhcp
. . (59
ji=2pm, fxosi(le). %=

Noise is added to the Euclidean coordinate for the sharp texturesas@e from a

Gaussian distribution of mean 0 and varia@@®5, i.e.,N (0, 0.025 . Random textu is

drawn from the Euclidean spaasing a uniform distribution for each compondsach

grain in an instantiation is assigned an orientation in this manner.

This binning procedure does not approach misorientation in any systematic way.
It is expected tht misorientation statistics have important effects on the homogenized
stress response of a polycrystal to strain. The potential for these misorientation effects to
be missing from the binned set of textures is acknowledael results of this study are
used to suggest whetherdager, more sophisticated binning procedure wiugchsiders

misorientation is necessary to generalize MKS across texture space.
6.2.2. Calibration Design

The proposed calibration design contains a -daten sampling loop. The
componats of this loop include GSH functions, a set of binned textures, an initialization
dataset selection, the instantiation of microstructure volumes for simulation, the
extraction of data from simulations, a sampling criterion, a stopping criterion, and a

parametricexplorationof the data collectiompproach. To provide context for the many
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components described in this section, a flowchart of the sampling loop is sh&iguiie

6.2.

Figure6.2. A flowchart of the initialization and adaptive sampling loop employed in this
work.

To initialize the GP calibration, an initialization dataset is sele&eskt of SVE
ensembles are selected to initialize a GP model which relates GSH cogdfitoe
simulated yield strength and elastic stiffness of polycrystallin@i. These initial data
are expected to influence the results of the calibrations. To compare the approaches with
consistency in starting conditions, thexttees selected for the initialization set are
chosen once and used for all the calibrations. The initialization set of textures contains

textures selected from the,365 combinations of the binning proceduiEne

selection of tlbse textures depends on an indexing of the texture options using GSH

coefficients.
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