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Variability of fatigue properties of Nickel-based superalloys induced by microstructure feature uncertain-
ties is investigated. The microstructure at one material point is described by its grain size and orientation
features, as well as the volume fraction of the )’ phase. Principal component analysis (PCA) is introduced
to reduce the dimensionality of the microstructure feature space. PCA and kernel PCA (KPCA) techniques
are presented and compared. Reduced representations of input features are mapped to uniform or stan-
dard Gaussian distributions through polynomial chaos expansion (PCE) so that the sampling of new
microstructure realizations becomes feasible. A crystal plasticity constitutive model is adopted to evalu-
ate fatigue properties of two-phase superalloy microstructures under cyclic loading. The fatigue proper-
ties are measured by strain-based fatigue indicator parameters (FIP). Adaptive sparse grid collocation
(ASGC) and Monte Carlo (MC) methods are used to establish the relation between microstructure feature
uncertainties and the variability of macroscopic properties. Convergence with increasing dimensionality
of the reduced surrogate stochastic space is studied. Distributions of FIPs and the convex hulls describing
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the envelope of these parameters in the presence of microstructure uncertainties are shown.
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1. Introduction

Quantification of mechanical property variability of microstruc-
tures has been studied extensively as it is essential for the predic-
tion of extreme properties and microstructure-sensitive design of
materials. In the past few years, a series of investigations were
undertaken to study the variation in stress-strain response and
elastic properties of single phase metals caused by microstructure
uncertainties using a variety of computational methodologies. In
[1], the principle of maximum entropy (MaxEnt) was used to de-
scribe the grain size distribution of polycrystals given a set of grain
distribution moments as constraints. Microstructure realizations
were then generated and interrogated using crystal plasticity finite
element method (CPFEM) [2]. Orientations were randomly as-
signed to all constituent grains. The Monte Carlo (MC) method
was adopted to compute the error-bars of effective stress-strain
response of FCC aluminum. In [3], the orientation distribution
function (ODF) was adopted to describe the polycrystalline micro-
structure. A number of ODF samples were given as the input data.
The Karhunen-Loéve expansion (KLE) [4,5] was utilized to reduce
the input complexity and facilitate the high-dimensional stochastic
simulation. An adaptive version of the sparse grid collocation
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strategy [6,7] was used to obtain the variability of the stress-strain
curve and the convex hull of elastic modulus of FCC aluminum
after deformation. Mechanical response variability and thermal
properties due to both orientation and grain size uncertainties
were analyzed in [8,9]. A non-linear model reduction technique
based on manifold learning [10] has been introduced to find the
surrogate space of the grain size feature while grain orientations
were represented using KLE. Probabilistic stress response after
deformation was constructed for FCC Nickel [8].

Most of the previous research focuses on elasto-plastic response
and elastic properties of single phase polycrystals. Fatigue resis-
tance is also of great importance in materials design. In addition,
alloys composed of more than one constituent materials are widely
used in components that require demanding properties in a high-
temperature environment (e.g. aircraft-engines). Nickel-based
superalloys are extensively used in turbine disks and blades [11].
Numerical tools have been developed for the understanding of
the properties of Ni-based superalloys ranging from microscopic
dislocation dynamics [12-17] to mesoscopic crystal plasticity
models [18-21].

McDowell and colleagues conducted a series of studies on the
properties (fatigue resistance and crack formation) of various Ni-
based superalloys under cyclic loading [22-25]. Crystal plasticity
constitutive models for homogenized (y +7’) grain and explicit
two-phase (y and )’) structures were developed and implemented
in the finite element (FE) framework to investigate the
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macroscopic stress-strain response and strain-based fatigue prop-
erties of superalloy microstructures. Effects of microstructure
uncertainties on intrinsic fatigue resistance were emphasized
[23,25,26]. An artificial neural network [27] was trained and ap-
plied to predict fatigue properties of microstructure given its fea-
tures within the training bound [28].

In this work, our interest is in the variability of strain based fa-
tigue indicator parameters (FIPs) [24] of Ni-based superalloy
microstructures satisfying certain constraints. A set of microstruc-
tures described by their grain sizes, orientations and volume frac-
tion of the 9’ phase are provided as the initial database. Principal
component analysis (PCA) model reduction techniques are applied
to find low-dimensional representations of microstructure features
and construct a surrogate space so that sampling of new micro-
structure features becomes computationally efficient. Both linear
and non-linear (kernel) versions of PCA [29-31] are examined
and compared. Polynomial chaos expansion (PCE) [5,32-34] is
introduced to map the surrogate space to the support space of
Gaussian or uniform random variables from which new samples
can easily be drawn. The two-phase Ni-based superalloy constitu-
tive model for IN 100 developed in [25] is adopted to predict the
strain based FIPs of microstructures under cyclic loading. This
model implicitly includes different type of 7’ precipitates in a
homogenized sense. The effects of )’ precipitates and grain size
are introduced into the constitutive model by parameters such as
volume fraction and equivalent diameters of primary, secondary,
and tertiary precipitates. As a result, the two-phase microstructure
is modeled by an equivalent homogenized single phase polycrystal
microstructure. This is computationally convenient for applying
model reduction techniques on microstructure features. Adaptive
sparse grid collocation (ASGC) [7] is adopted to solve the underly-
ing stochastic equations and construct the distribution of the prop-
erties of interest given the random input. Marginal distributions
and convex hulls of FIPs are constructed and the correlation be-
tween FIPs is probed. The results are validated by comparing with
MC simulations.

The organization of the paper is as follows. The representation
of a microstructure and the mathematical framework of PCA/KPCA
are briefly reviewed in Section 2. Emphasis is on the KPCA formu-
lation. In Section 3, the polynomial chaos (PC) representation of the
random variables is built. Homogenized superalloy polycrystal
elasto-plasticity constitutive model along with the estimation of
the FIPs are introduced as the deterministic simulator in Section 4.
Numerical examples are presented in Section 5. The distributions
and convex hulls of FIPs corresponding to certain statistically con-
strained microstructures are computed. Both MC and ASGC meth-
ods are adopted and convergence with increasing dimensionality
of the reduced-order stochastic space is examined. Conclusions
and discussion are provided in Section 6.

2. Construction of microstructure stochastic input model
2.1. Microstructure representation

Features of two-phase polycrystals include topology, texture
(orientation of grains), and volume fraction of each phase. The
microstructure topology is here defined in terms of grain shape
and grain size [35]. For a polycrystalline alloy microstructure, its
material properties are mostly determined by these three features.
In order to model microstructure uncertainty, these features are
considered as random variables. Appropriate mathematical
descriptions of them are needed. A low-dimensional representa-
tion of the microstructure will be used as the stochastic surrogate
input model to allow an efficient computation of the variability of
the microstructure properties.

Secondary y’
Tertiary y’

Explicit structure Homogenized model

Fig. 1. Explicit structure of a (y +7’) grain and its equivalent homogenized model.
The gray background on the left grain represents y matrix, while secondary and
tertiary 7’ precipitates are depicted as dark particles.

The two-phase grain structure is modeled in a homogenized
sense in this work. As a result, no )’ particles are explicitly mod-
eled. Each constituent grain of the microstructure is considered
as a homogenized single crystal which takes the effective proper-
ties of both phases. A schematic of an explicit (y +7’) structure of
a grain and its equivalent homogenized model is demonstrated
in Fig. 1. The effect of the second phase on material properties
can be taken into account by introducing particular parameters
in the constitutive model, which will be discussed in Section 5.

Statistical volume elements (SVEs) of polycrystalline alloy
microstructures are represented as aggregates of discrete grains
associated with specific orientations and phases (see Fig. 2a). As
we implicitly model the two-phase material in a homogenized
sense, each grain in the microstructure is effectively the combina-
tion of y matrix and )’ precipitates aligning in the same orientation.
An array containing both sizes and orientations of finite number of
grains can be adopted as the descriptor of the microstructure
(Fig. 2b). For a microstructure composed of M grains, the first M
components of the feature array are sizes of homogenized grains
sorted in ascending order and the rest 3M components are the cor-
responding orientations described by Rodrigues parameters [36],
an axis-angle representation that consists of three components de-
fined in Eq. (1):

r= wtang, (1)
where r={r,r;,r3} are the three Rodrigues components;
w = {wq,W,, W5} gives the direction cosines of the rotation axis with
respect to microstructure coordinates; and 6 is the rotation angle.

In [8], we have used a similar descriptor for single phase poly-
crystals. Model reduction was implemented for each feature and
then combined to represent a microstructure. In this work, we will
study the effects of each feature separately and determine the one
that dominates fatigue properties of superalloy microstructures.
We will start with a set of high-dimensional microstructure feature
realizations represented by grain size and texture. These features
will then be mapped to a low-dimensional space.

We are given a set of correlated microstructure realizations. In
superalloy microstructures resulting from certain (e.g. deforma-
tion) process, the grain sizes, grain orientations (texture) and vol-
ume fraction of the 7 phase satisfy certain (statistical)
constraints. For grain size, the constraints are usually in the form
of low-order statistical moments. The lognormal distribution is
used often for describing polycrystalline Ni-based superalloy grain
sizes [26]. The 7’ phase disperses in the y phase matrix as precipi-
tates described by their size and volume fraction. Three types of y’,
primary, secondary, and tertiary, are usually observed according to
their size and other attributes. In the homogenized two-phase
superalloy constitutive model, one needs in general to account
for the y’-phase uncertainty in addition to the grain size and orien-
tation variation. The effect of microstructure features on fatigue
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Fig. 2. (a) A 3D polycrystalline microstructure with 54 grains. (b) The descriptor of the microstructure. The first 54 components are the sizes of grains, and the last 162

components are Rodrigues parameters representing grain orientations.

properties can be studied using the deterministic material point
simulator for different microstructure realizations.

2.2. Principal component analysis based model reduction

Stochastic microstructure representations are usually high-
dimensional, which makes the stochastic simulation intractable.
For example, a polycrystalline microstructure image containing
54 grains requires a 54-dimensional vector to store the grain size
information (not accounting for any constraints). When grain ori-
entations are included, this will end up to a 216-dimensional rep-
resentation (Fig. 2b). To facilitate the stochastic simulation, model
reduction techniques are introduced exploring the correlation
among the data to construct a low-dimensional surrogate repre-
sentation of the original microstructure space. The samples from
this surrogate space need to be mapped to the original space for
this technique to be practical. Uncertainty quantification of the
microstructure properties driven by the given microstructure real-
izations then becomes feasible.

In an earlier work [37], we developed a linear embedding meth-
odology to model the topological variations of composite micro-
structures satisfying some experimentally determined statistical
correlations. A model reduction scheme based on principal compo-
nent analysis (PCA) was developed. This model was successful in
reducing the representation of two-phase isotropic microstruc-
tures. However, most of the data sets contain essential non-linear
structures that cannot be effectively captured by linear model
reduction. To this end, a non-linear dimensionality reduction
(NLDR) strategy was proposed in [10] to embed data variations
into a low-dimensional manifold that serves as the input model
for subsequent analysis. Further, the methodology was applied to
construct a reduced-order model of a two-phase microstructure
and subsequently utilized as a stochastic input model to study
the effects of microstructure uncertainty on thermal diffusion. This
“manifold learning” method was extended to polycrystals in [8,9],
where variability of mechanical response and thermal properties
due to topological and orientational uncertainties was examined.
This method does not provide a robust mathematical parametric
input model which reveals the inherent patterns. In addition, the
mapping between the original and the surrogate space is based
on the IsoMap [38] algorithm requiring computation of the

geodesic distance matrix among data. In general, this matrix may
not be well defined and the computation of the matrix could be
expensive.

Kernel principal component analysis (KPCA), which first non-
linearly maps the input to a “feature” space (the “feature” here re-
fers to a non-linear mapping which is different from the features
that are used to describe a microstructure) and then performs
PCA (see Fig. 3), is therefore introduced to resolve the issues affil-
iated with linear PCA and manifold learning model reduction. Suc-
cessful application of KPCA to modeling of random permeability
field of complex geological channelized structures was provided
in [39]. In this work, we introduce it for model reduction of the
homogenized superalloy polycrystalline microstructure. The
microstructures are described by the size and orientation attri-
butes of all constituent grains. A set of grain size and orientation
samples are given as the initial input. These samples are generated
by simulation. It is assumed that they are obtained through certain
random deformation processes and therefore satisfy some statisti-
cal constraints. We fix the number of grains to be 54 and the total
volume of the microstructure to be 10~> mm?>. Therefore, the mean
grain size is fixed. The initial grain size samples are generated
according to a lognormal distribution and the orientations are gen-
erated from a sequence of random deformation processes that will
be introduced in Section 6. After that, we will perform model
reduction solely on the sample data assuming that no other
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Fig. 3. Basic idea of KPCA. Left: In this non-Gaussian case, the linear PCA cannot
effectively capture the non-linear relationship among the realizations in the
original space. Right: After the non-linear mapping @, realizations become linearly
related in the feature space F. Linear PCA can now be performed in F.
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information is known (no information about what distribution the
grain size follows and what are the random variables controlling
the process to generate random textures). The algorithm of PCA/
KPCA is summarized below. More details of the mathematical for-
mulation can be found in [30,39,40].

2.2.1. Microstructure model reduction using KPCA

Define a complete probability space (Q,#,#) with sample
space €2, which corresponds to all microstructures resulted from
certain random process, # c 29 is the g-algebra of subsets in Q
and 2 : # — [0,1] is the probablllty measure. Each sample o € Q
is a continuum field representing a microstructure that can be de-
scribed by a discretized representation, y = (y;,...,yy)" : @ — RM.
M can be regarded as the number of features in a microstructure.
So each y;, i=1, ..., M is a random variable. The dimensionality
of the stochastic input is then the length of the vector y. Any micro-
structure-sensitive property .7 is a function of the microstructure
features: .«# = «/(y). Therefore, .o/ is also random. To investigate
the variability of .7 for microstructures in Q, we need to be able
to compute properties of any sample in Q. However, only a finite
number of realizations {y;,...,yn} of Q2 are available. How to ex-
plore the space Q2 based on a finite number of given microstructure
realizations (input data) becomes essential.

The dimensionality of the input, M, is often large. We need to
find a reduced order representation of the random field that is con-
sistent with the given data in some statistical sense. To be specific,
we want to find a form y = f{ &), where ¢, of dimension much smal-
ler than the original input stochastic dimension M, are a set of
independent random variables with a specific distribution. There-
fore, by drawing samples & we can obtain realizations of the
underlying random field, namely, full feature descriptions of
microstructures. KPCA/PCA is used for this purpose.

Given N realizations {yy,...,yn} of a random field Y(w), where
each realization is represented as a M-dimensional vector y; € R
(e.g. y; is a feature realization representing a microstructure by
grain size and/or texture), we can map them into a “feature” space
F;= ®(y;),i=1, ..., N. Notice that this “feature” space is in the con-
text of KPCA terminology and different from the microstructure
feature input. We will refer the initial microstructure feature input
space as the physical space. If &(y) =y, KPCA is identical to linear
PCA. The centered map @ is:

P =d(y) - D, (2)

where @:%Zﬁiltb(yi) is the mean of the ®-mapped data. The
covariance matrix C in the F space is then

N
LS by, 3
i=1

The dimension of this matrix is Nr x Nr, where Nr is the dimension
of the “feature” space.

A kernel eigenvalue problem is formulated which uses only dot
products of vectors in the “feature” space. We first substitute the
covariance matrix into the Lh.s. of the eigenvalue problem

CV =V, (4)
to obtain

Vo3 (o

which implies that all solutions V with 27 0 lie in the span of
D(y;),- .., P(yy)- Projecting V onto sample realizations

N
= _ud(y), (6)
=1

)-V) Oy, (5)

and multiplying Eq. (4) with &(y;) from the left, we obtain

1 ij;%ZN:(

k
AXN:&( D) (). (7)

Jj=1

o) (2w - ()

—_

fori=1, ..., N. Note here that the vector « is not normalized. Defin-
ing the N x N kernel matrix K as the dot product of vectors in the
“feature” space F:

(P(yi) - 2(¥)), (8)

the corresponding centered kernel matrix is then:

K:K; =

K= ((y)- $(y;)) = HKH. 9)

In the centering matrix H=1- %117, Iis the N x N identity matrix
and 1=[11...1]7is a N x 1 vector. Substituting Egs. (8) and (9) into
Eq. (7), we arrive at the following kernel eigenvalue problem:

Nia = Ka, (10)

where a = [ay,...,on]". In the following, for simplicity, we will de-
note /; as the eigenvalues of K, i.e. the solutions N/; in Eq. (10).
We rewrite Eq. (10) in the following matrix form:

KU = AU, (11)

where, A = diag (44,...,4y) and U = [a4,. . .,ay] is the matrix contain-
ing the eigenvectors of the kernel matrix K, where column i is the
ith eigenvector a; = [, . . ., otin] ™.

Therefore, through Eq. (6), the ith eigenvector of the covariance
matrix C in the feature space can be shown to be [30,40]

N
Vi=> aa(y)). (12)
j=1

Furthermore, the eigenvector V; can be normalized. Since the eigen-
vectors a; from the eigenvalue problem Eq. (11) are already normal-
ized, the ith orthornormal eigenvector of the covariance matrix C
can be shown to be [30,40]

=% (13)

~ N ~
Vi=)» o0
1 ]:Zl 1 \/Z
Let y be a realization of the random field, with a mapping &(y)

in F. According to the theory of linear PCA, &(y) can be decomposed
in the following way:

where o

N
dy)=> zVi+ o, (14)

where z; is the projection coefficient onto the ith eigenvector V;:

N
= Vi) = Yy (0) - 0(y))- (15)
=1
From Eq. (8), it is seen that in order to compute the kernel
matrix, only the dot products of vectors in the feature space F
are required, while the explicit calculation of the map ®(y) does
not need to be known. As shown in [30], the dot product can be
computed through the use of the kernel function. This is the so
called “kernel trick”. The kernel function k(y;y;) calculates the
dot product in space F directly from the vectors of the input
space RM:

k(y,.y;) = (2(y:) - 2(¥)))- (16)
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The commonly used kernel functions are polynomial kernel and
Gaussian kernel.
We can write all the z's in a vector form Z :=[z;,...,zy]":

Z=Ak, +b, 17)
where A=HU, b=-1U'HK1 and U-=[&,...,a] with
&i = [5(,‘1, ey &iN]T and

ky = kY, ¥1) -, k(y,yn)] (18)

Suppose the eigenvectors are ordered by decreasing eigenvalues
and we only work in the low-dimensional subspace which is
spanned by the first r eigenvectors. Then the decomposition in
Eq. (14) can be truncated after the first r terms:

r N
Dy)~ Y zVi+ D= BOY), (19)
i=1 i=1

where g =A/Z + 11 and g; is its ith component. Since only the first
r eigenvectors are used, U, = [&4, ..., &]. A, = HU, is a matrix of size
Nxrand Z,=[zy,.. .,zr]Tis a r-dimensional column vector. Details
on the derivations of these equations can be found in [39].

Thus, given N samples from the original stochastic feature space
F, we can find an approximate r-dimensional subspace F of F which
is spanned by the orthornormal basis V;, i=1,...,r Similar to K-L
expansion, the expansion coefficients Z, are a r-dimensional ran-
dom vector that defines this subspace. By drawing samples of Z,
from it, we can obtain different realizations of &(y) through Eq.
(19). The stochastic reduced-order input model in the “feature”
space can be defined as: for any realization Y € F, we have

N

Y, =) pid(y;) = OB,

i=1

with [f:A§+%1. (20)

Here, ® = [®(yy),. .., P(yn)] is @ matrix of size Nr x N. The subscript
r emphasizes that the realization Y; is reconstructed using only the
first r eigenvectors. &=[¢&;...,]"is a r-dimensional random vector.
If the probability distribution of ¢ is known, we can then sample ¢
and obtain samples of the random filed in F.

However, the probability distribution of ¢; is not known to us.
What we know is only the realizations of these random coefficients
&, which can be obtained through Eq. (17) by using the available
samples:

& —ATky, +b, i=1,...,N. (21)

Our problem then reduces to identify the probability distribution of
the random vector ¢&:=[&,...,&]", given its N samples
e —fel éﬁ”l, i=1,...,N. A polynomial chaos representation
is introduced in the next section for representing each component
of the random vector ¢ in terms of another random vector with
known distribution.

Finally, according to the properties of the K-L expansion
[4,5,41] used in the “feature” space, the random vector ¢ satisfies
the following two conditions:

E[&] =0, E[&¢g]= 61-,-%, ij=1,...,r. (22)
Therefore, the random coefficients ¢; are uncorrelated but not
independent.

By sampling &, we can reconstruct high-dimensional @-mapped
features in F space. By applying an appropriate ‘“pre-image”
scheme [40], realizations in the original physical space (namely,
microstructures) can be obtained. A weighted K-nearest neighbor
(KNN) pre-imaging algorithm has been designed in [10,39] and will
be adopted in this work (Section 4) for KPCA microstructure recon-
struction, while for PCA, the pre-imaging is directly performed
through Eq. (20) as &(y) =y.

In practice, the form of map &(y) is not known nor required.
Only the kernel function (dot product in the F space) k(y;y;) is
needed. For linear PCA, the kernel function is simply the dot prod-
uct in the input space (1st order polynomial)

k(y;,y;) = (¥; - ¥))s (23)

implying that &(y) =y; and for KPCA, various kernels may be cho-
sen. A commonly selected one is the Gaussian kernel (or radial basis
function (RBF)):

2
iy
k(y;,y;) = exp (— %) (24)

where [|ly; — yj||* is the squared L,-distance between two realiza-
tions. The kernel width parameter ¢ is computed using the average
minimum distance between two realizations in the input space
[42]:

o* =cy > minfy -y’ j=1.....N, (25)

1 N
N )+
where c is a user-controlled parameter.

3. Polynomial chaos expansion of stochastic reduced-order
model

As explained in the last section, we need to draw samples &
from the reduced space and reconstruct microstructure realiza-
tions in order to investigate material property variability of micro-
structures. To this end, the reduced surrogate space needs to be
constructed and mapped to an appropriate distribution in which
sampling is convenient. Polynomial chaos expansion (PCE)
[5,32,33] is therefore introduced to represent ¢ as a function of
Gaussian or uniform random variables #. As mentioned before,
the components of ¢ are uncorrelated but not necessarily indepen-
dent. Although Rosenblatt transformation [43] can be used to
decompose the problem to a set of independent random variables,
this is computationally expensive for high-dimensional problems.
In this work, we assume the independence between the compo-
nents of & It has been shown in various applications [41,44] that
this assumption gives rather accurate results.

Following the independence assumption of &;, each of them can
be expanded onto a one-dimensional polynomial chaos (PC) basis
of degree p:

p
G=> Wim), i=1,...1 (26)
0

where the #; are i.i.d. random variables. The random basis functions
{;} are chosen according to the type of random variable {#;} that
has been used to describe the random input. For example, if Gauss-
ian random variables are chosen then the Askey based orthogonal
polynomials {¥;} are chosen to be Hermite polynomials; if #; are
chosen to be uniform random variables, then { ¥;} must be Legendre
polynomials [32].

Gaussian-Hermite and Uniform-Legendre formats will be con-
sidered for the reconstruction of reduced-order random variables
(see Section 6). The PC coefficients are computed as

E|%}(n)]

If Gaussian-Hermite chaos is chosen, Eq. (27) can be expressed as

ij

1 r oo 7ﬁ
yqzﬁﬂlm &¥i(n)e zdn;, (28)

i=1,....r, j=0,...,p.
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If Uniform-Legendre is chosen, Eq. (27) becomes

2i+1 (1.
VU:JT G,

i=1,....,r, j=0,...,p. (29)

A proper method is needed to evaluate these integrals. How-
ever, it is noted that the random variable ¢ does not belong to
the same stochastic space as #, and we only have a number of N
realizations of ¢. The distribution of ¢ is invisible. A non-linear
mapping I': n — ¢ is thus needed which preserves the probabilities
such that I'(#) and ¢ have the same distributions. A non-intrusive
projection based on empirical cumulative distribution functions
(CDFs) of samples developed in [41] is utilized to build the map.
The integral in Eq. (27) is then computed using Gauss quadrature.

The non-linear mapping I': # — ¢ can be defined as shown be-
low for each ¢&;:

égﬂ(”/:),

where F, and F,, denote the CDFs of ¢; and #;, respectively. Here, the
equalities, wdr s interpreted in the sense of distribution such that
the probability density functions (PDFs) of random variables on
both sides are equal. The marginal CDF of the samples ¢; can be
evaluated numerically from the available data. Kernel density esti-

Ii= F;i‘ oFy, (30)

N
mation is used to construct the empirical CDF of ¢&;. Let {cfs>} ; be N

s
samples of ¢; obtained from Eq. (15). The marginal PDF of ¢; is then:

PRTITULE N NP -l 31)
AN 2 o o )

The marginal CDF of ¢; is obtained by integrating Eq. (31) and the
inverse CDF can be computed.

Having the map I';, the coefficients y;; are subsequently com-
puted via Gauss quadrature.

After mapping the reduced space to Gaussian or uniform distri-
bution, Monte Carlo or adaptive sparse grid collocation (ASGC) can
be used to sample new realizations. Since the sampling space of
ASGC is a unit hypercube [0,1]", we need to further map the inde-
pendent Gaussian (./°(0, 1)) or uniform (#(-1,1)) variables to the
hypercube based on CDF.

m=Yiv), Yi=F' i=1..r (32)

where v; ~ %(0,1) is the sample space of the ith component of
ASGC, F, is the CDF of 7;.

4. The pre-image problem in KPCA

The sampled random variables after reconstruction (Eq. (26))
are reduced-order representations. For linear PCA, the recovery of
a microstructure is straightforward wusing Eq. (20), since
Y = &(y) =y. For KPCA, the reconstructed reduced-order represen-
tations are in the “feature” space F. Through Eq. (20), we can find
the high-dimensional representations, but still, in the “feature”
space (&(y) #y). However, what we need are the realizations in
the physical input space RM, which requires the inverse mapping
y = & '(X). Recall that in order to construct the eigenvalue prob-
lem in the feature space, the mapping Y = &(y) is not necessary
as long as the kernel function is provided. Therefore, the inverse
mapping needs to be constructed approximately. This inverse
mapping problem is known as the “pre-imaging” problem. For
each realization Y in the “feature space’, it provides an approxima-
tion of the corresponding realization in the physical input space,
ie.y~ oY)

A weighted K-nearest neighbor scheme is adopted for finding
the pre-images. The basic idea is that for an arbitrary realization
Y in F, we can first compute its distances d;, i=1,...,K to the

K-nearest neighbors Y;, i=1, ..., K in F. Then the distances d;

i=1, ..., K between its counterpart y and K-nearest neighbors, y;,

i=1, .., K, in the physical space are recovered. The pre-image y

is then computed by

DT A7

Y="w% 1 (33)
Zi:ldli

The distance between Y and &(y;) in the feature space is defined
as

(Y. D(y;) = Y - )|* = |YI* + | @()|* - 2Y; @(¥)),  (34)

for i=1, ..., N. Recall that for Gaussian kernel, k(y;y;)=1 and
Y= Zﬁ1ﬁiq§(y,~). N is the total number of the given data (micro-
structure realizations). Then each feature distance
d*(Y, ®(y;)), i=1,...,N can be computed in the following matrix
form [39]:

d? =1+ KB — 26"ky,, (35)

fori=1,...,N.

Denote the vector d? = [d2,...,d?]" and we can sort this vector
in ascending order to identify the K-nearest neighbors of Y from
o), i=1,...,n

On the other hand, the squared feature distance between the @-
map of the pre-image y and &(y;) is given as:

R(D(9), 2(y)) = |D(Y) — D)
= I<(S’$ y) + k(ylyl) - 2k(y7yj)
=2(1 - k(y,y)), (36)

for i=1, ..., N. Note that in the derivation above, we used that
k(y,y) = k(y;,y;) =1 for a Gaussian kernel. Furthermore, the
squared input-space distance can be computed from the following
equation:

o 2
k(yv yz) = exXp < ”yzo-gl”> )

from which we obtain

& = 5~y = 207 log(k(g.y). 37

fori=1, ..., N. Substituting the expression of k(y,y;) from Eq. (36)
into Eq. (37), one arrives at

& =y - yi|* = ~20%log (1 - 05¢2), (38)

fori=1,..., N.Because we try to find an approximate pre-image such
that @(y) ~ Y, itis straightforward to identify the relationship Ell? ~ df
Therefore, the squared input-distance between the approximate
pre-image y and the ith input data realization can be computed by:

& =y - yi|* = ~20%log (1 - 05¢2), (39)

fori=1, ..., N and where [1,-2 is given by Eq. (35).

Finally, the pre-image y for a feature space realization Y is given
by Eq. (33). It is noted that here we use the K-nearest neighbors in
the “feature” space. However, they are the same as the K-nearest
neighbors in the input space since Eq. (39) is monotonically
increasing. Therefore, the pre-image y of an arbitrary realization
in the “feature” space is the weighted sum of the pre-images of
the K-nearest neighbors of Y in the “feature” space, where the
nearest neighbors are taken from the samples y; i=1, ..., N. A un-
ique pre-image can now be obtained using simple algebraic calcu-
lations in a single step (no iteration is required) that is suitable for
stochastic simulation.
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5. Two-phase crystal plasticity constitutive model

The crystal plasticity constitutive model is critical for predict-
ing the mechanical properties of polycrystalline materials. The
previously developed single-phase constitutive model for FCC
crystals [45] is here extended to two-phase superalloy, IN 100.
In this material, the second phase, y’, disperses in the ) phase
in three forms: primary (large particles that may not exist
due to insufficient heat treatment), secondary (medium size
particles) and tertiary (particles of small size and low volume
fraction) precipitates. The strength of the superalloy is signifi-
cantly reinforced due to the existence of these particles. A
homogenized superalloy constitutive model will be adopted to
study the polycrystalline microstructure behavior. The second
phase configuration is not explicitly modeled. Effects from the
second phase are taken into account through particular parame-
ters in the constitutive model. In the homogenized model, we
take the effective property of both phases in a single phase
medium representation.

Cube slip (110){100} systems are introduced to take cross slip
mechanism at high temperatures into consideration. The rate
dependent flow rule which estimates the shearing rate on each slip
system includes a back force term for the modeling of the Baushin-
ger effect arising principally from matrix dislocation interaction
with 9’ phase. The effect of volume and size of )" precipitates on
material strength is taken into account by constitutive parameters.
The constitutive equations are summarized below and detailed in

[25,26,28].
The flow rule of slip system « is
, o 1T — ) g\ ™
P = |7 )<—| ﬁ(m‘ ‘ (40)
- (o 7@ — @ " o
+wP<D¢b sgn(t® — 7."). (41

where 7" is the initial shearing rate, D\ is the drag stress assumed
to be constant. 2 = {oct,cub} refers to the octahedral and cube slip
systems, respectively. The function (x) returns x if x > 0 and returns
0, otherwise. The resolved shear stress on the o slip system 7* is
computed by

T =T: (mﬁ,"‘) ® n},“)), (42)

where T is the PK-II stress and m{” and n{" are vectors in the slip
direction and normal to the slip plane, respectively, in the original
configuration, since a total Lagrangian algorithm is adopted. T is re-
lated to local elastic deformation gradient F® via the fourth-order
stiffness tensor C°:

T:CE-E:%C°~(F“F°—I). (43)

The evolution of the slip resistance k" (1 = cub,oct) follows the
Taylor strain hardening law determined by dislocation density pf{”:

K = K6 + b/ (44)

where o = (0.1 — 0.68f;; + 1.1£3), My = (o1 +fpo +Fp3) 1ty + frn bt
i, and p, are shear moduli for y prec1p1tates and y matrlx, respec-
tively. The magnitude of Burgers vector is b = (fy1 + fp2 + fo3)by+
fmby. for, fp2, fps3 are volume fractions of primary, secondary, and
tertiary )’ precipitates, respectively, and f, =1 —for —fo2 —fp3 18

the volume fraction of y matrix phase. f;, = and

Jp2
fp1+fm f P2 7 foothm
fz = fp3+fm' For different slip systems, the initial slip resistance can
be evaluated by

1/ny
) g
K(() oct — [(TE) gct) + l//oct] + (j;ﬂ +fp2)rl(10;)7

1/my
@ _ (e \™
K:0‘cub - {(To,cub> + l//Cl’lb:| ’ (45)
where
fxél fI;Z ' d dfo.s
W, = Cp wa+cp2 wd—2+cp3 Wfypads + ey >, W
FAPB
= , 46
FAPB—ref ( )

and
T = hpe T + hop| T | + hse T, (47)

in which I'spp is the anti-phase boundary energy density here taken
be equal to I'aps_re, di i = 1, 2, 3 are the sizes of precipitates, and dg,
is the grain size.

The dislocation density evolution has the following form:

pﬁ“):ho{ZOquc]‘;,foi“’ 205 }W I, Zo

ks 2\!
= by’ ser = (diz) . (48)
The evolution of the back stress y\” is also based on dislocation
density and shear rate:

(@)

= Cx{numixb psgn (T — 1) - xi.“”}l?”)\, (49)

No.Zo

Zo+ ki 4/ pEj“)

where C, = 123.93 — 433.98f, -+ 384.06f3

An implicit iterative algorithm is used for the solution of the
non-linear constitutive equations. In initial slip resistance g,
the grain size effect is introduced in the form of the Hall-Petch
law K o dg°.

The parameters in the constitutive model can be calibrated by
experimental results for specific superalloys (e.g. IN 100). In the
current work, the same parameters for superalloys at 650°C listed
in [25] are adopted. For additional information about the constitu-
tive model refer to [26,27].

Strain based fatigue indicator parameters (FIPs) related to small
crack formation and early growth are extracted as the measure of
fatigue resistance, or more precisely as a measure of driving forces
for fatigue crack formation [24]. The four FIPs of interest are the
cumulative plastic strain per cycle (Pg,), which correlates to the
crack incubation life; the cumulative net plastic shear strain mea-
sure (P;), which correlates with dislocations pile-up on grain bound-
aries; the Fatemi-Socie parameter (Pgs), which relates to the small
crack growth; and the maximum range of cyclic plastic shear strain
parameter (Ppmps) [26]. The definitions of these FIPs are as follows.

The cumulative plastic strain per cycle (Peyc):

Pcyc:/ \/gpdt:/ \/gD":D"dt, (50)
cyc cyc

where D? is the plastic rate of deformation tensor. The crack incuba-
tion life (Ny,.) is related to a critical value, p, i.e.,

PeyeNine = Prie- (31)
The cumulative net plastic shear strain measure (P,):
P, = max </ égnimjdt>, (52)
cycle

where m is the direction along any given plane with normal n. The
maximum value of this parameter is obtained along all possible slip
directions over all possible planes for one cycle.



462

The Fatemi-Socie parameter (Pgs):

O-Tax:|
|

Oy

P
Pgs = —Ayzmax [1 +k* (53)
where A)h. is the maximum range of cyclic plastic shear strain,
o™ s the peak tensile stress normal to the plane associated with
this maximum shear range and oy, is the cyclic yield strength esti-
mated by the Von-Mises stress at the yield strain €,. Here, we
choose €, = 0.77%. The parameter k* could be a function of several
material properties in addition to the multiaxial strain state. In
the current work, a constant value k™ = 0.5 is used as suggested in
[26].
The maximum range of cyclic plastic shear strain parameter
(Prps):
p
Pmps _ A’Vmax )
2
This parameter is used when the incubation life is completely con-
trolled by the irreversible motion of the dislocations with no assist
of normal stress, namely, k* =0 in Eq. (53).

(54)
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An example of Nickel-based superalloy microstructure consist-
ing of 54 grains having random orientations in a 10~ mm? volume
subjected to cyclic loading (tension and compression along z-direc-
tion) is demonstrated below. The volume fractions and sizes of }’
precipitates are given by f,1 =0, f2 = 0.42, d, =108 nm, f,3=0.11,
d3 =7 nm. Mechanical behavior of the microstructure is controlled
by the constitutive model introduced above. All the FIPs are com-
puted throughout the third deformation loop. The last non-Schmid
term 7y in k(" is assumed to be 0. This is an approximation as its
contribution to threshold stress is not insignificant. The stress—
strain response of cyclic loading condition with three loops and
the normalized distributions of the FIPs are plotted in Fig. 4. Note
that the x-axis in both Fig. 4a is true strain, not plastic strain. The
maximum FIPs over the entire microstructure are
maxPe,c =1.51 x 1072, maxP,=1.12 x 10™%, maxPgs = 6.50 x 1073,
and maxPyps =5.98 x 1072

It is worth mentioning that the Taylor model is used to con-
trol the deformation of the microstructure to allow efficient
stochastic simulation to be discussed next. As a result, all grains
in the microstructure are subjected to the same deformation at

(b)

0.4 0.6
Normalized FIP

0.2

0.8 1

Fig. 4. (a) Stress-strain response during three loops of cyclic loading. The strain rate is 0.001 s~. (b) Distribution of normalized FIPs at a strain amplitude of € = 0.007.

h MaxShearRange

Fig. 5. (a) A 3D finite element realization of polycrystalline microstructure. Each color represents an individual grain. (b) The field of the maximum range of cyclic plastic

shear strain parameter at the end of the 3rd loop.
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Fig. 6. Finite element simulation results: (a) Stress-strain response during three loops of cyclic loading. (b) Distributions of normalized FIPs at a strain amplitude of € = 0.007.
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Table 1

Statistics of the maximum FIPs computed from three cases of initial samples:
“Texture” means only texture uncertainty is considered; “Grain size” means only that
only grain size uncertainty is considered; and “Combined” means that both grain size
and texture uncertainties are considered.

Texture Grain size Combined
Max Py mean 1.49 x 1072 1.50 x 1072 1.49 x 1072
Max Py std 5.02 x 1074 2.92 x 107> 521 x107%
Max P, mean 1.18 x 1074 117 x 1074 117 x 1074
Max P, std 7.53 x 1076 6.50 x 1077 7.34 x 1076
Max Pgs mean 6.13 x 1073 633 x 1073 6.15x 1072
Max Prs std 341 x10°% 141 x 107 3.60 x 10
Max Py mean 5.67 x 1073 5.88 x 1073 570 x 1073
Max Pyyps std 3.03 x 107 6.67 x 107 328 x 1074

each time step. Heterogeneity of the deformation field due to dis-
tinct strength of different grains (induced by grain size, orienta-
tion, etc.) is not considered. The distributions of FIPs in the
microstructure predicted in this model may not be very accurate
but they serve as reasonable fatigue indicators for one grain. We
also conducted a 3D finite element (FE) analysis on a cubic
polycrystalline microstructure with 54 grains (Fig. 5a). The
microstructure is discretized using 7 x 7 x 7 brick elements.
The maximum and average values of FIPs over all the Gauss
points of all elements within an individual grain are evaluated
as the representatives of the fatigue driving force of the corre-
sponding grain. The maximum of the grain level FIPs over the
entire microstructure are maxPeyc, max=1.99 X 1072, maxP;, max =
8.16 x 107, maxPgs, max =7.90 x 107>, MaxPps, max = 6.76 x 1073,
MaxPeycave = 1.49 x 1072, MAXPy.qye = 4.46 x 107%, MaxPesaye = 6.21 x
1073, and maxPypsave = 5.44 x 107%. Here, Py max/Pxave denotes the
maximumy/average P, over all Gauss points within one grain, and
MAXPy max/MAXPy qve 1S the maximum of Py nax/Pxave OVer all grains
in the microstructure. The contour plot of the maximum range of
cyclic plastic shear strain parameter, Py, is plotted in Fig. 5b.
The true stress-strain curve and normalized distributions of
FIPs are demonstrated in Fig. 6. We see that the Taylor simulation
gives similar stress—strain response and distributions of FIPs as the
FE model. Most of the FIPs obtained from the Taylor model are
close to the grain level average FIPs obtained in the FE model. Con-
sidering the computational cost that the Taylor model takes only
3 min for one simulation while the FE model takes about 9 h (the
efficiency is evaluated here for one processor), we will adopt the
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Fig. 9. Plots of the energy spectrum for PCA and KPCA on texture feature. The value
of y-axis is the total energy proportion captured by the first x principal components.

Taylor model as the deterministic solver in the further investiga-
tion of the variability of FIPs. The fatigue property of a microstruc-
ture under cyclic loading can be measured by the maximum FIPs
over all grains.

6. Numerical examples

Numerical examples are presented to study the probabilistic
distribution of the FIPs of Nickel-based superalloy polycrystalline
microstructures using PCA-based model reduction techniques, PC
representation and sparse grid collocation method. The determin-
istic solver adopts the two-phase polycrystal plasticity constitutive
model introduced earlier. The maximum FIPs over all grains are
used to measure fatigue properties of microstructures. In the fol-
lowing subsections, variability of FIPs due to topological and orien-
tational microstructure uncertainties are examined.

The available information of microstructure features is often gi-
ven as a limited number of samples that are obtained through a se-
quence of preprocessing. In the current work, we randomly

0.6
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Fig. 8. (a) A PCA reconstructed texture feature compared with the original test sample. The dimensionality of the reduced-order representation is 4, which captures 91.8% of
the total “energy”. (b) A KPCA reconstructed texture feature compared with the original test sample. The dimensionality of the reduced-order representation is 4, which

captures 81.5% of the total “energy”.
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Fig. 10. Averaged relative errors of testing texture samples in 10-fold cross
validation for PCA and KPCA.
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generate 1000 microstructures through simulation. This operation
mimics the industrial random preprocessing and is only for the
generation of inherently correlated samples, based on which model
reduction would work. After that, the sample data will serve di-
rectly as the initial input to the stochastic simulation. The knowl-
edge about how the data was generated will not be known or
used in this part of the analysis. Each microstructure is composed
of 54 grainsina V=1 x 10~ mm? domain. The mean grain volume
is therefore 1.85 x 107> mm>. By assuming cubic shape of all
grains, the mean size is (dg) =0.0265 mm. As indicated in many
works, the grain size can be well described by a lognormal distri-
bution. Therefore, we generate grain sizes of a microstructure
according to a lognormal distribution defined as

In(dy) —
Do) 5

pldy) =z exp (
& dgr V2102
where d, is the grain size, and u, o refer to the mean and
standard deviation of In(d,). The mean grain size is
(dgr) = exp(u + 6%/2), which takes the value 0.0265 mm as men-
tioned above. The procedure of generating grain size samples is
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Fig. 11. Marginal PDFs of the initial random variables (the reduced representations obtained after performing PCA on the 1000 given texture samples) and identified random
variables obtained using PCE (reconstructed through PCE (Eq. (26)) on 10,000 randomly generated samples from Gaussian or Uniform distribution). The distributions are

constructed through kernel density based on data.
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as follows. For a single microstructure sample, we first generate
54 approximate grain sizes {Elg,,,ﬂ, i=1,...,54} from the lognormal
distribution with u=1In(dg) — 6?2, where (dg,) =0.0265 mm and
o =0.025. To avoid extreme large or small grains, all grain sizes
are constrained within the range 0.4(dg) <Elgm- <2.5(dg). If a
grain size falls beyond that range, a new one will be generated
until it satisfies the inequality. After obtaining all the 54 grain
sizes, we will compute the corresponding volumes (cube root)
\7g,,,v :&grj,i: 1,...,54, by assuming spherical grains. Then, the
volume fraction fg; of each grain i will be obtained after normal-
ization: fg; = Vgr_,-/zjs4 Vgr_j. The grain volume Vj,; will be updated
by multiplying the volume fraction by the total volume of the
microstructure V=0.001 (namely, Vi =V X fg;, for i=1, ..., 54).
The grain sizes can be therefore determined by the resultant grain
volumes. Repeating this procedure 1000 times, we can obtain
1000 microstructure grain size samples. Assigning an arbitrary
texture to all grain size samples and putting them into a sequence
of random deformation process, we can derive 1000 random tex-
ture that will be collected as the initial texture to the next-step
stochastic simulation. To be specific, an arbitrary texture consisted
of 54 orientations is firstly assigned to 1000 microstructure sam-
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ples. Then, these microstructures are input into a sequence of
deformation modes controlled by three independent random
variables w4, w, and ws.

05 0 0 00 0 0 -10
L=w;| 0 05 0 |+®|0 1 0 |+ws|1 0 Of,
0 0 -1 00 -1 0 0 0

(56)

where the random variables w1, w, and w3 determine the deforma-
tion rate L of different modes and vary uniformly from —0.002 s
to 0.002 s~'. The first mode is compression in the z direction, the
second mode is rotation, and the last mode is a shear deformation.
At each time step, the deformation of the microstructure is con-
trolled by the combination of these three modes, but for different
samples, the combination is different in terms of the deformation
rates w1, w, and ws. At the end of 500 s, the 1000 resultant textures
were collected as the input texture database to the stochastic prob-
lem. Since our model only updates orientations of grains but leaves
their sizes untouched, the resultant microstructures would have the
same grain sizes as the input while the texture becomes random.
Moreover, the texture evolution is not significantly affected by the
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Fig. 12. Marginal PDFs of the initial random variables (the reduced representations obtained after performing KPCA on the 1000 given texture samples) and identified
random variables obtained using Hermite or Legendre PCE. The distributions are constructed through kernel density based on data.
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grain size according to the constitutive model. Therefore, the corre-
lation of texture and grain size features is quite weak.

After generating the 1000 grain size and texture samples, we
take them as the given input data to the following stochastic sim-
ulation investigating material properties due to initial microstruc-
ture uncertainties. They are the only accessible information, while
the knowledge of how they are generated is blind to the uncer-
tainty quantification process. The correlation within the feature
samples will be exploited by the construction of correlation matrix
through PCA/KPCA model reduction. Inserting random grain size or
orientation features to the model reduction, the surrogate micro-
structure representation is derived. Then, polynomial chaos expan-
sion (PCE) is used to map the reduced-order space to a known
distribution, form which samples can be easily drawn and ASGC
or/and MC can be conveniently introduced to solve for the variabil-
ity of FIPs. Distributions and convex hulls and FIPs will be con-
structed according to the solution. Simulations using different
models (i.e. linear/non-linear PCA, Uniform-Legendre/Gaussian-
Hermite PCE, ASGC/MC) are conducted and compared. The effect
of the selected dimensionality of the reduced space is also studied.
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25 10 . . . . .
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Here, we need to point out that grain sizes have to be greater
than zero after reconstruction from reduced order realizations.
To guarantee this, we perform model reduction on the logarithm
of grain volume fractions, In(fg,;) rather than on (f;). To generate
a new grain size feature, we draw a sample ¢ in the surrogate
space, and find its original representation y in the physical space,
which is an array of logarithms of grain volume fractions y = In(f;).
The real grain volume of the microstructure is then V= Vexp(y),
where V is the total volume of the microstructure.

6.1. Monte Carlo validation

Monte Carlo simulation is conducted to validate various models
on computing the variability of FIPs. The purpose of MC is to vali-
date the performance of the PCA/KPCA model reduction and recon-
struction, as well as of the PC expansion. We will see from this
section that sampling from the reduced-order space is approxi-
mately equivalent to sampling in the physical input space, while
the obtained efficiency is significant. We will first project the given
microstructure snapshots (input data) to a reduced-order space
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Fig. 13. Distributions of the maximum FIPs computed by different methods. The PDFs marked as ‘Init’ are computed using the initial given data. For MC, 10,000 samples are
drawn in the reduced space and mapped back to the texture input space. A fixed grain volume Vg, = 1.85 x 107> mm? is assigned to all grains. FIPs are computed using the
deterministic solver on these reconstructed microstructures and kernel density function is constructed based on data. The dimensionality of the low-dimensional space is 4.

(a) Max Peyc; (b) Max Py; (c) Max Prs; (d) Max Pps.
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through PCA/KPCA and then map this reduced-order space through
PCE to a set of standard Gaussian (./°(0,I)) or independent uniform
(%(—1,1)) random variables. To generate new microstructure sam-
ples, we thus sample Gaussian or uniform distributions. These
samples are mapped back to the reduced space derived by PCA/
KPCA. Microstructures in the physical input space are then recov-
ered via pre-imaging. The FIPs are evaluated for many randomly
generated microstructures and the distributions of these proper-
ties will then be constructed through kernel density method and
compared with the distributions constructed based on the 1000
initially given samples. The MC results will also be used to verify
the ASGC simulations performed later on in this section.

First, we would like to examine which microstructure feature is
more substantially affecting the variability of FIPs. To this end, we
compute the statistics of FIPs of the 1000 initial samples in three
ways.

e Case A: a constant grain size vector is assigned to all the 1000
samples, and the texture varies from sample to sample. Without
loosing generality, we assume all grains have the same size
(dgr=0.0265 mm, cube root), while the texture is randomly
generated as described above.

e Case B: the grain sizes of different microstructure samples are
randomly generated with mean size being 0.0265 mm as men-
tioned before. A deterministic texture is randomly selected from
the 1000 initial samples and assigned to all the microstructures.
Therefore, the grain size is the sole source of uncertainty.

Table 2

e Case C: the 1000 texture samples are one to one linked to the
1000 grain size vectors to define microstructure samples, so
that the uncertainty of the two features can be considered
simultaneously.

For each of the above cases, we call the deterministic solver
1000 times and extract the values of the FIPs. The volume fraction
of primary 7’ is 0 and that of secondary and tertiary )’ is set to be
0.42 and 0.11, respectively. The range of the cyclic strain is from
—0.007 to 0.007. The strain rate is selected to be 0.001 s~!. By com-
paring the distributions of the FIPs of these three cases, we find
that most of the distributions from Case A are very close to the cor-
responding distributions from Case C. Also, the variance of FIPs
caused by grain size uncertainty (Case B) is much smaller than that
caused by orientational uncertainty (Case A). Fig. 7 shows the PDFs
of maximum FIPs over microstructure domain constructed based
on 1000 initial samples for Case A and Case C, respectively. It is
seen that most of the PDFs for the two cases are very close except
that maxP,. shows certain difference.

Comparing the statistics of the three cases (Table 1), we can see
that the mean and standard deviation (std) of Cases A and C are
very close to each other, while the variance of Case B is much smal-
ler than the other two cases. Therefore, we ignore the grain size
uncertainty while putting our focus on the texture uncertainty.
This treatment further reduces the dimensionality of the input
space without significantly influencing the evaluation of the
distribution of the FIPs. As we will see shortly, the reduced

Statistics of the maximum FIPs computed by different model reduction techniques with different dimensions. Uniform-Legendre PCs are adopted to map the reduced surrogate
space of texture to a uniform distribution #(0,I). In the table, “Init” refers to the initial 1000 samples, “PCA-4dim” refers to 10,000 MC samples generated in the 4-dimensional
reduced space constructed by linear PCA, and “KPCA-4dim” refers to 10,000 MC samples generated in the 4-dimensional reduced space constructed by KPCA. Similar notation is

used for the rest of the acronyms.

Init PCA-4dim PCA-5dim PCA-6dim KPCA-4dim KPCA-5dim KPCA-6dim
Max Pcyc mean 1.49 x 102 1.49 x 102 1.49 x 102 1.49 x 102 151 x 1072 151 x 1072 1.50 x 1072
Max Peye std 502 x 1074 438 x 1074 423 x 1074 4.35x 107 274 x 1074 271 x 107 329 x 107
Max P, mean 118 x 1074 117 x 1074 1.17 x 1074 117 x 1074 1.18 x 1074 1.19 x 1074 119 x 1074
Max P, std 7.53 x 107 7.97 x 1076 7.97 x 10°¢ 8.24 x 10°° 6.49 x 10°° 6.68 x 10°° 6.73 x 107
Max Pgs mean 6.13 x 1073 6.16 x 1073 6.16 x 1073 6.16 x 1073 6.22 x 1073 6.22 x 1073 6.21 x 1073
Max Pgs std 3.41x10* 234 x 104 227 x 1074 226 x 1074 1.55 x 1074 1.54 x 1074 1.77 x 1074
Max Ppps mean 5.67 x 1073 5.69 x 1073 5.70 x 1073 5.70 x 1073 5.76 x 1073 5.76 x 1073 5.75 x 1073
Max Pyyps std 3.03 x10°* 212 x 107 203 x 10 208 x 1074 133 x10°* 132x10°* 159 x 1074
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Fig. 14. (a) PCA and KPCA reconstructed grain size feature compared with an original test sample. The dimensionality of the reduced-order representation for both cases is 10,
which captures 91.2% and 89.2% of the total “energy”, respectively. (b) Plots of the energy spectrum for PCA and KPCA. The value of the y-axis is the total energy proportion

captured by the first x principal components.
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dimensionality of the grain size feature is larger than that of tex-
ture. However, the variation induced in FIPs is insignificant.

We next examine the model reduction of the input texture
space. The randomness will only be assigned to grain orientations,
while the volume of all grains is fixed at Vg.;=1.85 x 10> mm?>,
i=1, ..., 54. The total dimensionality of the input microstructure
feature is 54 x 4 =216, in which 54 dimensions are fixed grain
sizes and the rest 162 dimensions are random orientations. We
first construct the reduced model for the 1000 initial microstruc-
ture samples. Then, we arbitrarily choose the reduced coordinates
for one of the 1000 samples. After that, we reconstruct the micro-
structure feature (texture) using the chosen reduced coordinates.
The reconstructed and the original features are plotted and com-
pared in Fig. 8. We first apply the PCA method to reduce the input
space to 4 dimensions driven by the given samples. The total
energy proportion, defined by Eq. (57) captured by the largest 4
eigenvalues is 0.918 > 90% (see Fig. 9).
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Fig. 16. (a,b) Marginal PDFs of the first 2 PCA reduced initial random variables (the reduced representations obtained after performing PCA on the 1000 given grain size
samples) and identified random variables using PCE (reconstructed through PCE (Eq. (26)) on 10,000 randomly generated samples from Gaussian or Uniform distribution).
(c,d) Marginal PDFs of the first 2 KPCA reduced random variables and identified random variables using PCE on 10,000 randomly generated samples from Gaussian or Uniform

distribution. The distributions are constructed through kernel density based on data.
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where r is the number of preserved largest eigenvalues 4; and N is
the number of given samples. A reconstructed realization compared
with the original texture is depicted in Fig. 8a. We next repeat the
above calculations using KPCA to perform the non-linear model
reduction of the input texture samples. The parameter c in the ker-
nel width ¢ estimation Eq. (25) is chosen to be 10. The total energy
captured by the largest 4 eigenvalues is 0.815, which is lower than
that captured in linear PCA. A reconstructed realization compared
with the original microstructure feature is depicted in Fig. 8b. Both
of the two model reduction techniques demonstrate good capability
of reducing and reconstructing microstructure features.

The energy spectrum of both linear PCA and kernel PCA are
plotted. It is observed that the first few eigenvalues capture the
majority of the total energy and PCA eigenvalues capture more en-
ergy than KPCA at the same dimension.

We next conduct a 10-fold cross validation on the 1000 initial
samples to test the performance of the two model reduction
schemes on the texture microstructure feature. For the first fold,
100 out of 1000 samples are used as the testing set to test the
reconstructed features from the PCA/KPCA model trained by the
remaining 900 samples. Then, we select another (different) 100
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samples as the testing set, and the rest 900 to be the training set.
The process is repeated 10 times until we have used all the 1000
samples as testing sample once. The average of the relative errors
between testing and reconstructed features is defined as

1
Errtest = ﬁ Z €i,
i=1

= Iy: = Vill,, 7 (58)
yillz,

where y; and y; are the testing samples and predicted features,
respectively, and N’ is the size of the testing set. The averaged rela-
tive errors for texture are plotted in Fig. 10. The mean error is
0.1201 for PCA and 0.1462 for KPCA. It is observed that the error
of PCA is smaller than that of KPCA, while both of them are below
15% when four principal components are preserved.

We next need to establish the mapping between the low-
dimensional surrogate space and a well-defined probabilistic dis-
tribution. By the independence assumption between the random
variables in the reduced-order representation, each component
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Fig. 17. Distributions of the maximum FIPs due to grain size uncertainty computed by different methods. For MC, 10,000 samples are drawn in the 10-dimensional reduced
space and mapped back to the grain size input space. (a) Max Pey; (b) Max Py; (c) Max Pgs; (d) Max Ppps.



B. Wen, N. Zabaras / Computational Materials Science 51 (2012) 455-481 471

can be approximated using one-dimensional PC basis of degree p. If
Gaussian random variables are to be mapped then Hermite polyno-
mials are chosen to be the PC basis. On the other hand, if the re-
duced space is mapped to a uniform distribution, Legendre
polynomials must be selected for Eq. (26). We here use the
Gaussian-Hermite and Uniform-Legendre PCs, respectively, for
different model reduction schemes and compare the reconstructed
features. The order of PC basis is set to be 12, which gives accurate
estimation to the reduced-order representation distributions
(Figs. 11 and 12). The distributions of the initial reduced variables
of microstructure features are computed from the given 1000 ini-
tial samples based on the histogram of the reduced samples de-
rived by PCA/KPCA (Eq. (15)). Alternatively, 10,000 random
variables are randomly sampled from the uniform or Gaussian dis-
tribution and mapped to the surrogate space via PCE (Eq. (26)). It is
noticed that Uniform-Legendre PCs give accurate representation to
all four reduced-order random variables, while Gaussian-Hermite
cannot fit the random variable & corresponding to the second
principal component very well. Thus, we will next perform further
stochastic simulations using only Uniform-Legendre PCs.

The marginal PDFs of the maximum FIPs of microstructures sat-
isfying given texture constraints computed by Monte Carlo using
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10,000 samples from the reduced space are plotted in Fig. 13, as
well as the distributions of the FIPs computed directly from the
1000 initial samples with various texture and fixed grain size
(the same distribution obtained in Case A). Uniform-Legendre
PCs are used to represent the reduced random variables. The agree-
ment of MC simulated PDFs using 10,000 samples and the PDFs ob-
tained using the given initial 1000 samples is achieved, which
validates the performance of model reduction. Both PCA and KPCA
capture the main features of the PDFs of the FIPs. The PCA results
seem to be more consistent with the initial samples.

The sampled mean and standard deviation of the maximum FIPs
obtained from different methods (some to be discussed later on)
are listed in Table 2. Most of the MC simulated statistics, especially
the means, agree quite well with the ones computed directly from
the 1000 initial data considering that only 4 random variables are
used to generate new samples. The PCA simulation gives closer
prediction to the sampled mean and variance obtained using only
the initial samples.

Following the same idea as for the texture, model reduction of
the grain size feature is also studied. Again, we assume only sec-
ondary and tertiary )’ precipitates dispersed in the y matrix with
fixed volume fractions (setting f,1 =0, f,> =0.42 and f,3=0.11), so
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Fig. 18. Distributions of maximum FIPs of 10,000 MC samples computed based on PCA and Uniform-Legendre PCE. The dimensionality of the reduced space varies from 4 to 6.
The distributions of FIPs of 1000 initial samples are also plotted as a reference. (a) Max Pey; (b) Max Py; (c) Max Prs; (d) Max Pyps.
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that the grain size effect can be captured. An arbitrary but deter-
ministic texture is assigned to all 1000 initial samples, whose grain
sizes are generated using the procedure described earlier with
mean size 0.0265 mm. The dimensionality of the random input is
now 54. To guarantee that the grain sizes are positive, we first
transform all grain volume fractions to logarithms. PCA/KPCA is
then used to compute the low-dimensional surrogate space of
the transformed grain sizes. New grain size samples are generated
by sampling in the reduced space and mapped back to the physical
space. The grain volume vector Vg, corresponding to a low-dimen-
sional representation ¢ is computed as

Vg = Vexp(I''(¢)), (59)

where I' is the PCA/KPCA model reduction map of the logarithmic
volume fraction to the low-dimensional space as defined in Eq.
(15), and V=0.001 mm? is the total volume of the microstructure.
We first apply the PCA method to reduce the dimensionality of
the stochastic input space. The correlation between grain size sam-
ples is weak since they are generated in a very random way. This
correlation is still captured by PCA even though the grain size gen-
eration procedure is not known during model reduction. We must
keep the first 10 principal components to capture more than 90%
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of the “energy”. The total energy proportion captured by the largest
10 eigenvalues is 0.912. Using KPCA, the non-linear model reduc-
tion captures 0.892 of the total energy by the largest 10 eigenvalues.
The energy captured by the same number of eigenvalues in PCA is
close to that in KPCA for the grain size feature. Reconstructed real-
izations by PCA and KPCA compared with the original grain size fea-
ture are depicted in Fig. 14a. The newly sampled grain size features
are smoother than the initial samples. Both model reduction tech-
niques demonstrate good capability of reducing and reconstructing
the grain size feature. The energy spectrums of both PCA and KPCA
are shown in Fig. 14b. It is observed that the first few eigenvalues
capture the majority of the total energy and PCA eigenvalues cap-
ture a little more energy than KPCA at the same dimensionality.

The 10-fold cross validation for grain size feature is shown in
Fig. 15. The relative error for both cases is smaller than 1.6% with
PCA performing better than KPCA.

Polynomial chaos representation on reduced random variables
is also tested with 10,000 random samples in the reduced space.
The order p=12 can accurately capture the distributions of all
the reduced random variables derived from the initial samples. In
Fig. 16, we show PC expansion of the first 2 random variables who
have the largest variance for both PCA and KPCA. The agreement
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Fig. 19. Distributions of maximum FIPs of 10,000 MC samples computed based on KPCA and Uniform-Legendre PCE. The dimensionality of the reduced space varies from 4 to
6. The distributions of FIPs of 1000 initial samples are also plotted as a reference. (a) Max Py.; (b) Max Py; (c) Max Pgs; (d) Max Pyps.
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between identified and initial random variables distributions is ob-
served. Both Unform-Legendre and Gaussian-Hermite PCs give
accurate estimation on the distributions. To be consistent with
the texture computation, we adopt Uniform-Legendre PCE to
map the reduced space to a uniform distribution where new sam-
ples will be generated.

The reconstructed distributions of the FIPs and those directly
extracted from the initial samples (Case B: fixed texture, random
grain sizes) are plotted in Fig. 17. We notice that the variance of
FIPs induced by the grain size effect is very small just as we dis-
cussed earlier (one order of magnitude smaller than texture in-
duced standard deviation as shown in Table 1). The PCA gives
very accurate prediction to the initial data, while KPCA captures
well the main characters but provides slightly different estimation
to the variance.

We also discover that the reduced dimensionality of the grain
size feature is 10, which is much larger than the texture feature
4 dimensions were enough for texture reduction in capturing
90% energy. It is inefficient to explore high-dimensional stochastic
input space to capture very small variability in the properties.
Therefore, we will focus on texture uncertainty in the following
examples.
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Convergence tests as the dimension of the reduced order space
increases are performed for PCA and KPCA on the texture feature.
The Uniform-Legendre PCs are used. We plot the marginal PDFs
of maximum and volume averaged FIPs extracted from 10,000
MC samples when 4, 5 and 6 principal components are preserved
in Figs. 18 and 19, respectively, for PCA and KPCA. Placed in the fig-
ures are also the distributions of FIPs obtained using only the initial
samples (Case A: random texture and fixed grain sizes). We ob-
serve great consistence of the simulations with increasing dimen-
sionality of both PCA and KPCA.

The sampled mean and standard deviation of the maximum FIPs
computed using different methods and different reduced dimen-
sions are listed in Table 2. It is observed that all the examples (from
r=4to r=06) give consistent prediction, while the PCA predictions
are closer to the FIPs obtained using only the initial samples.
Improvement on the predicted FIPs is observed as the dimension-
ality of the reduced space increases, especially for maxP;.

The convergence test of MC simulations as we increase the
number of samples is conducted at r=6 (Figs. 20 and 21). Good
convergence is achieved using 10,000 random samples.

It was shown that both PCA and KPCA provide good prediction
on FIPs distributions and low-order statistics. In most cases, PCA
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Fig. 20. Convergence test of the distributions of maximum FIPs computed by PCA. 5000, 10,000, and 15,000 samples are generated in the 6-dimensional reduced space.
Comparison with 1000 initial samples is shown. (a) Max Pey; (b) Max P;; (c) Max Ps; (d) Max Ppys.
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gives closer prediction on mean and standard deviation of FIPs
than KPCA at the same reduced dimensionality for the current
microstructure data set. This is a bit surprising result considering
that KPCA is a non-linear dimensionality reduction method. The
reasons for this outcome may include: (1) the variation of the ini-
tial samples is too small to show the non-linear nature of the
microstructure data; (2) the accuracy of the K nearest neighbor-
hood pre-imaging strategy adopted is not good enough to provide
precise microstructure reconstruction; (3) the kernel selected here
could not effectively reduce the non-linearity of the data. More-
over, the MC prediction of the mean FIPs is consistent with the ini-
tial samples, while the standard deviation prediction contains
small deviation.

6.2. Adaptive sparse grid collocation

The variability of FIPs is also examined through the adaptive
sparse grid collocation (ASGC) method, which has been proved to
be more efficient then Monte Carlo method for stochastic problems
of moderately high dimensionality and at the same time provides
control of the interpolation error in the stochastic support space
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[7]. Essentially sparse grids construct an interpolant of the function
of interest in the multi-dimensional stochastic space. As before,
Uniform-Legendre PCs are adopted to expand the reduced-order
texture features as they produce better reconstruction of the re-
duced random variable distributions. Both PCA and KPCA are em-
ployed. The uncertainty source is assumed to be texture whose
reduced dimensionality varies from 4 to 6. In sparse grid colloca-
tion, the functions of interest (here the FIPs) u(t,&) are approxi-
mated by

fag(t,&) = Y > jt)-aj(®). (60)
il <d+q jeB;

The mean of the random solution is evaluated as:

E(ligq(t) = > > aj(t)- /y/ aj(&)de, (61)

lill < d+q jeB;

where q is the depth (level) of sparse grid interpolation and d is the
dimensionality of the stochastic space. B; is a multi-index set. caj‘ is
the hierarchical surplus, which is the difference between the func-
tion value u(t,&é) at the current point ¢ and interpolation value
llgq-1(t,&) from the coarser grid in the previous level. a} is the
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Fig. 21. Convergence test of the distributions of the maximum FIPs computed by KPCA. 5000, 10,000, and 15,000 samples are generated in the 6-dimensional reduced space.
Comparison with 1000 initial samples is shown. (a) Max Py; (b) Max P; (c) Max Ps; (d) Max Ppys.
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d-dimensional multilinear basis functions defined by tensor prod-
uct. For the estimation of higher-order moments (kth order) of
the function of interest, we only need to change u to u*. The function
of interest u and its interpolation i in the current work are the max-
imum and volume averaged FIPs of the microstructure. The thresh-
old of the error indicator, defined in Eq. (62), for adaptivity is set to
be 10~ for all computations. The error indicator y} measures the
contribution of each term in Eq. (61) to the integration value (mean
of the interpolated function) relative to the overall integration value
computed from the previous interpolation level. For error higher
than the threshold at a given point in the sparse grid, new support
nodes will be added in the neighborhood of this point at the next
level of interpolation [7]:
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! 1Epij—a-1llr,

We first focus only on texture uncertainty induced variability of the

FIPs. When PCA is adopted, the ASGC error converges below 104 at

level 8, namely, no new collocation nodes will be needed after level

8. Total number of 1399, 3059, and 6220 collocation nodes are gen-
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erated, respectively, for reduced space of dimensionality 4, 5, and 6.
Note that each collocation point requires the solution of the mate-
rial point simulator for given realizations of the random variables.

The marginal PDFs of maximum FIPs when different number of
principal components are preserved are plotted in Fig. 22. The con-
struction of the distributions of the FIPs is a post processing
operation in the ASGC method. After performing the ASGC simula-
tion, we uniformly sample 10,000 random points in the hypercube
where the sparse grid is defined. The FIPs corresponding to each
point are computed by interpolation using the basis obtained from
ASGC. Kernel density functions based on histograms of the samples
of the FIPs are therefore constructed. Comparison with MC simula-
tion when the reduced-order space is 6-dimensional is demon-
strated. We would like to point out that the data of MC used
here are identical with those in the earlier examples. They are
re-plotted here just for comparison purposes. ASGC distributions
show similar shapes with the results of MC simulations. However,
distributions of the FIPs predicted by ASGC are broadened (larger
variance) as we increase the dimensionality of the reduced space.

Using KPCA, the marginal PDFs of maximum FIPs with different
number of retained principal components are also extracted and

1
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Fig. 22. Distributions of maximum FIPs obtained with ASGC based on linear PCA and Uniform-Legendre PCE. Comparison with 10,000 MC samples at r = 6 is demonstrated. (a)

Max Peyc; (b) Max Pr; (c) Max Prs; (d) Max Pyps.
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Fig. 23. Distributions of the maximum FIPs obtained with ASGC based on KPCA and Uniform-Legendre PCE. Comparison with 10,000 MC samples at r = 6 is demonstrated. (a)

Max Peyc; (b) Max Py; (¢) Max Prs; (d) Max Pyps.

presented in Fig. 23. The number of collocation points for r = 4 and
r=>5 after convergence at level 9 is 1647, 3633, respectively. For
r=6, 7921 collocation points are generated up to level 10.

The statistics of the maximum FIPs evaluated by ASGC com-
bined with Uniform-Legendre PCE are tabulated in Table 3. Again,
the ASGC simulations provide close estimation of mean values
with MC, while the standard deviation demonstrates some small
difference.

The distributions of the FIPs (Figs. 22 and 23) become slightly
broader as the dimensionality of the reduced space increases.
However, the predicted standard deviation (Table 3) does not show
this trend. Moreover, most MC predicted PDFs of FIPs are narrower
than the ASGC constructed FIPs. However, the MC computed stan-
dard deviation of certain FIPs is larger than that evaluated through
ASGC. This possible inconsistency may arise from insufficient sam-
ples at the tails of the distributions and a need for a higher depth of

Table 3
Mean and standard deviation of the maximum FIPs evaluated by ASGC. Uniform-Legendre PCE is employed.
PCA-4dim PCA-5dim PCA-6dim KPCA-4dim KPCA-5dim KPCA-6dim
Max P, mean 1.49 x 1072 1.49 x 1072 1.49 x 1072 151 x 1072 1.50 x 1072 1.50 x 1072
Max Py std 413x10* 392 x107* 429 x 1074 2.61x107* 248 x 1074 3.09 x 107
Max P, mean 1.18 x 1074 1.19 x 107 117 x 1074 117 x 107 117 x 107 117 x 1074
Max P, std 9.29 x 10°° 1.09 x 10°° 117 x 107° 557 x 10°° 1.01 x 107° 1.09 x 10°°
Max Pps mean 6.17 x 1073 6.19 x 103 6.20 x 103 6.22 x 1073 621 x 1073 6.18 x 1073
Max Pgs std 233 x 1074 231 x107* 2.07 x 1074 1.26 x 107 131 x 107 9.17 x 107°
Max Py, mean 5.70 x 1073 5.70 x 1073 5.70 x 1073 5.76 x 102 5.74 x 1073 574 x 1073
Max Ppyps std 1.86 x 1074 1.69 x 10°* 130 x 104 111 x10°* 6.75 x 1073 9.77 x 107°
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interpolation in ASGC. For this problem, the ASGC estimation bal-
ances computational accuracy and efficiency.

All the above examples assume constant volume fractions of
secondary and tertiary )’ precipitates, and the primary precipitates
are not considered. Next, we take volume fractions of secondary
and tertiary )’ precipitates as sources of uncertainty. The formula-
tion of the current constitutive model adopts volume fractions of
different types of )’ precipitates as explicit parameters. Therefore,
the randomness of )’ can be easily dealt without the assistance
of model reduction. We assume that the volume fractions of the
secondary and tertiary )’ particles follow uniform distributions
2(0.3,0.5) and #(0.11,0.14), respectively. The volume fractions
are assumed independent from each other as well as from other
features (e.g. texture). The reduced space of texture is chosen to
be 4. Therefore, the total dimensionality of the sampling space will
be 4+2=6. The PDFs of FIPs computed by both ASGC and MC
based on PCA and Uniform-Legendre PCE are plotted in Fig. 24.
For a level of interpolation 8, 2939 deterministic problems are
solved up in ASGC and 10,000 simulations are conducted in MC.
It is seen that the mean and standard deviation of FIPs are different
from previous examples because of the varying volume fraction of
" phase.
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6.3. Convex hull of FIPs

To better understand the extreme values of FIPs and learn the
correlation between them, convex hulls that serve as envelopes
of the values of the FIPs in the presence of uncertainties are con-
structed. From Eqgs. (53) and (54), we see that Pgs and Py, are clo-
sely correlated, since the latter is a special situation of the former
(when ¢"* = 0, Pgs = Ppyps). Therefore, only the 3D visualization of
the convex hulls consisting of P, P, and Pgs are shown in Fig. 25.
For all the figures, Uniform-Legendre PCs are used to represent the
4-dimensional reduced-order random variables. The points in the
FIP coordinate system are the ones that have been used for the con-
struction of the PDFs. The Q-Hull [46] MatLab package is used to
construct the convex hull.

It is observed that the volume of the convex hulls predicted by
ASGC is greater than the corresponding volume constructed by MC,
while the shapes of the convex hulls are similar (Fig. 25). We also
recall from the marginal PDFs of FIPs (e.g. Figs. 22 and 23) that the
ASGC provides some predictions that are away from the MC predic-
tions but with very low probability (the tails of those PDFs). These
less-probable values are the cause of the wide range of the ob-
tained convex hulls. To better demonstrate and understand this
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Fig. 24. Distributions of the maximum FIPs obtained by ASGC and 10,000 MC samples when the volume fractions of secondary and tertiary }’ precipitates are random. (a) Max

Peye; (b) Max Py; (¢) Max Pgs; (d) Max Ppys.
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phenomenon, we further plot planar convex hulls of two FIPs along
with the sample points and PDFs of each dimension (Fig. 26). The
correspondence of the low probability and the extreme values pre-
dicted by ASGC are clearly captured. (see Fig. 27)

It is seen that most of the data fall within the range where both
ASGC and MC give high probability. Finally, 3D and 2D convex hulls
when volume fractions of secondary and tertiary )’ precipitates are
taken as uncertainty sources are presented. PCA in combination
with Uniform-Legendre PCE is employed. The range and shapes
of the convex hulls are much different from the cases where }’ vol-
ume fractions are taken as constant. (see Fig. 28)

7. Conclusions

In this paper, the effect of multiple sources of uncertainty on
two-phase superalloy microstructure fatigue properties is studied.
A two-phase microstructure is considered as a combination of ran-
dom features consisting of grain size, texture, and volume fraction
of the 7" phase. Given a set of microstructure samples, PCA based
dimensionality reduction techniques are applied to find their
underlining correlations. Both linear and non-linear (kernel) PCA
methods are examined. The reduced-order representations are
mapped to uniform distributions by PC expansion. Adaptive sparse
grid collocation is then introduced to sample new microstructures
from the low-dimensional space. The strain-based fatigue indicator
parameters of superalloy microstructures satisfying given informa-

max P, 1 0.012

max Peyc

tion are computed and their distributions are constructed. The sig-
nificance of different feature effect on FIPs is examined. It is shown
that texture and volume fraction of 7’ precipitates are the primary
factors determining FIPs in the problems and data considered. The
model reduction techniques greatly simplified the representation
of random microstructure features, while important characteristics
of microstructures are preserved. Convergence with the dimen-
sionality of the reduced-order variables is shown. Comparisons
with MC results are also provided. The propagation of uncertainty
in microstructure evolution enables one to provide the prediction
on FIPs. The correlation between distributions of FIPs and their
convex hulls are demonstrated. Distributions and convex hulls of
FIPs provide important guidance in materials design, when certain
grain size and texture information is known.

From the numerical examples we found that both PCA and
KPCA provide reasonable predication to distributions of FIPs as
well as their convex hulls. In the current work, however, PCA is
more accurate than KPCA. As discussed earlier, two main reasons
may apply: (1) the variation of initial samples is too small to show
the non-linear nature of the microstructure input data; (2) the
accuracy of the K nearest neighbor pre-imaging strategy adopted
is not good enough to provide precise microstructure reconstruc-
tion; (3) the kernel selected here could not effectively reduce the
non-linearity of the data. ASGC produces consistent predictions
with MC but is computationally more efficient. Furthermore, the
independence assumption of low-dimensional random variables
may also be a source of inaccuracy for all stochastic simulations.
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Fig. 25. Convex hulls of maximum FIPs constructed by 10,000 samples. The random source is texture and the reduced dimensionality is 4. (a) MC-PCA; (b) MC-KPCA; (c)

ASGC-PCA; (d) ASGC-KPCA.
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Fig. 26. 2D convex hull with enclosed sample points obtained by ASGC. Both ASGC and MC distributions corresponding to the chosen FIPs are also plotted to show the
probability of occurrence of specific values. The random source is texture and the reduced dimensionality is 4. (a) Max Py vs. Max Prs when PCA is adopted; (b) Max Py vs.
Max Pgs, when KPCA is adopted.
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max P,

Fig. 27. Convex hulls of maximum FIPs constructed by 10,000 samples from ASGC. The random sources are texture and volume fractions of secondary and tertiary )’
precipitates. The reduced dimensionality of texture is 4, and the volume fractions are sampled from #(0.3,0.5) and %(0.11,0.14), respectively, for secondary and tertiary
precipitates. (a) 3D convex hull of MC results; (b) 3D convex hull of ASGC results.
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Fig. 28. 2D convex hull with enclosed sample points obtained by ASGC. The random sources are texture and volume fractions of secondary and tertiary )’ precipitates. The
reduced dimensionality of texture is 4, and the volume fractions are sampled from #(0.3,0.5) and #(0.11,0.14), respectively, for secondary and tertiary precipitates.



B. Wen, N. Zabaras/ Computational Materials Science 51 (2012) 455-481 481

In the current stochastic simulation, the modeling of the Ni-
based superalloy microstructure does not take into account the
interaction between grains as the crystal plasticity constitutive
model is implemented using the Taylor approach for the purpose
of efficiency. The predictions can be improved by adopting finite
element (FE) model. However, this approach will be computation-
ally very expensive. The self-consistent (VPSC) [47] approach tak-
ing into account stress compatibility is a potentially alternative
method. Model reduction on realistic microstructures represented
in the form of images is also of interest.
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