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ABSTRACT

Additive manufacturing (AM) introduces high variability in the microstructure and defect
distributions, compared with conventional processing techniques, which introduces greater
uncertainty in the resulting fatigue performance of manufactured parts. As a result, qualification
of AM parts poses as a problem in continued adoption of these materials in safety-critical
components for the aerospace industry. Hence, there is a need to develop precise and accurate,
physics-based predictive models to quantify the fatigue performance, as a means to accelerate the
qualification of AM parts. The fatigue performance is a critical requirement in the safe-life design
philosophy used in the aerospace industry. Fatigue failure is governed by the loading conditions
and the attributes of the material microstructure, namely, grain size distribution, texture, and
defects. In this work, the crystal plasticity finite element (CPFE) method is employed to model
the microstructure-based material response of an additively manufactured Ni-based superalloy,
Inconel 718 (IN718). Using CPFE and associated experiments, methodologies were developed to
assess multiple aspects of the fatigue behavior of IN718 using four studies. In the first study, a
CPFE framework is developed to estimate the critical characteristics of porosity, namely the pore
size and proximity that would cause a significant debit in the fatigue life. The second study is
performed to evaluate multiple metrics based on plastic strain and local stress in their ability to
predict both the modes of failure as seen in fractography experiments and estimate the scatter in
fatigue life due to microstructural variability as obtained from fatigue testing. In the third study, a
systematic analysis was performed to investigate the role of the simulation volume and the
microstructural constraints on the fatigue life predictions to provide informed guidelines for
simulation volume selection that is both computationally tractable and results in consistent scatter
predictions. In the fourth study, validation of the CPFE results with the experiments were
performed to build confidence in the model predictions. To this end, 3D realistic microstructures
representative of the test specimen were created based on the multi-modal experimental data
obtained from high-energy diffraction experiments and electron backscatter diffraction
microscopy. Following this, the location of failure is predicted using the model, which resulted in
an unambiguous one to one correlation with the experiment. In summary, the development of

microstructure-sensitive predictive methods for fatigue assessment presents a tangible step
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towards the adoption of model-based approaches that can be used to compliment and reduce the

overall number of physical tests necessary to qualify a material for use in application.
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1. INTRODUCTION

1.1 Motivation

Additive manufacturing (AM) is a revolutionary manufacturing technique, which builds a 3-D net-
shaped component via layer-by-layer material deposition, with the use of CAD models. Selective
laser melting (SLM) is one of the AM techniques that is used for fabrication of polycrystalline
metallic parts. SLM offers numerous advantages over the conventional techniques (machining,
milling, etc.) such as the ability to produce complex geometries, reduced tooling cost, and lead
time reduction. However, SLM introduces high variability in microstructure and defect
distribution such as porosity, surface roughness, and residual stress gradients that cause uncertainty
in the resulting fatigue performance of the parts, which in one of the dominant modes of failure in
the aerospace components [1]. As a result, qualification of AM parts continues to be a challenge
to wide spread adoption of these materials into service, especially in safety-critical components

for the aerospace industry [2].

The conventional qualification procedures for the aerospace parts require extensive experimental
testing involving ~5,000 -100,000 specimens, which is both time consuming (~ 5-15 years) and
costly ( more than $130 million) [3]. For SLM materials, this approach could be even more
intensive because of the drastic variability in the fatigue performance and hence, is not practical.
Alternatively, a model-based approach could be utilized, which would accelerate the process by
reducing the overall number of specimen level tests necessary. Therefore, the development of

predictive models for quantifying fatigue performance is crucial.

Fatigue failure is plasticity-mediated and is governed by the underlying material microstructure,
namely the grain sizes, morphologies, and orientations, grain boundary character distribution, and
pore sizes and locations [4,5]. The role of porosity is of particular interest since it can cause a
significant debit in fatigue life in synergy with the other microstructural attributes. Furthermore,
the variability in the microstructure results in the scatter of the fatigue lives as shown in Figure 1.1.
Predicting this scatter behavior and the associated modes of failure is an important problem in

view of the qualification process. The crystal plasticity finite element (CPFE) method is a
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microstructure-sensitive physics-based numerical tool ideally suited for the assessment of fatigue

behavior in the polycrystalline materials [6] and is used extensively in this research work.

Stress amplitude
>

Fatigue life

Figure 1.1 Scatter in the fatigue life due to the inherent microstructural variability

The aim of this research is to develop predictive methodologies based on CPFE simulations to
address critical problems in the fatigue of additively manufactured IN718, which would provide a
pathway forward in realizing rapid qualification of the AM materials. To this end, the four
problems of interest are as follows:

o What are the limiting characteristics of a pore in terms of size and clustering that would
cause a significant debit in fatigue life?

o What is an appropriate fatigue metric that could identify the location of failure and predict
the scatter in fatigue life?

o What is the minimum number of grains in the simulation volume to obtain reliable
estimates of the fatigue life?

o How well do the extreme values of the fatigue metrics obtained from CPFE simulations

correlate with the experimental location of failure?
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1.2 Research Contributions

The major contributions of this dissertation is outlined below:

1. Estimation of critical porosity characteristics

Porosity is a potential source of crack initiation and is dependent on the location, size
and proximity to an adjacent pore or a surface. Quantifying the limiting characteristics
of pore that would cause pore-mediated failures is important for process optimization
and making an informed choice of the inspection methods. In this study, we determined
the critical pore size and clustering relative to the microstructural length scale that

would cause a significant debit in the fatigue life using a CPFE based framework.

2. Examining fatigue metrics for prediction of failure location and fatigue life

The safe-life design of the aerospace components requires information on the
distribution of the fatigue lives and associated failure modes. In order to derive this
information, an appropriate microstructure-sensitive fatigue metric is needed. In this
study, we assessed multiple metrics based on plastic strain and local stress in their
ability to predict the location and scatter in fatigue life and arrived at optimal choices

using CPFE simulations of 3D virtual microstructures and experiments.

3. Role of simulation volume and microstructural constraints on the fatigue life prediction

Due to computational time limitations in performing CPFE simulations of large
volumes (specimen or component scale), the fatigue prognosis is often performed using
reduced volumes and simplified boundary conditions (BCs). The choice of the
simulation volume is crucial to obtain accurate predictions and depends on the BCs
utilized. In this study, we estimated the minimum simulation volume (or the number of
grains in a microstructure) necessary to obtain reliable estimates of the fatigue life by
performing a systematic analysis using CPFE simulations with the use of traction free
BCs.
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4. Validating the microstructure-sensitive fatigue crack initiation using crystal plasticity
simulations and high-energy X-ray experiments

e Validation is an important aspect of developing models to build trust in the predictions.

In this study, we achieved an unambiguous 1-to-1 correlation between the extreme

values of the fatigue metrics, plastic strain accumulation and plastic strain energy

density, and the location of crack initiation with realistic 3D microstructures and

boundary conditions.

1.3 Outline of the Dissertation

This dissertation is organized into eight chapters and a brief review of each chapter is as follows.

Chapter 1 presents a broad overview of the current gaps pertaining to the rapid qualification of the
additively manufactured materials and a list of specific research questions to be addressed.
Furthermore, the research contributions of this dissertation is specified.

Chapter 2 provides a review of the literature in context to the research questions, which are
(a) estimation of critical porosity, (b) Examining metrics for fatigue life and location prediction,
(c) role of simulations volume and microstructural constraints on the fatigue life prediction, and
(d) validation of microstructure-sensitive fatigue crack initiation using crystal plasticity
simulations and high-energy X-ray experiments

Chapter 3 describes the material and all the characterization techniques such as the electron
backscatter diffraction microscopy, micro-tomography, and high-energy X-ray diffraction

microscopy and fatigue testing with associated results.

Chapter 4 details out the primary ingredients of the crystal plasticity modeling framework, which
includes the creation of synthetic microstructures using the statistical information obtained from
experiments, the description of the material constitutive law, determination of the material
parameters using a genetic algorithm, and the regularizing schemes used for post-processing of the

results.
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Chapter 5 presents a crystal plasticity based framework to quantify the critical porosity
characteristics in terms of the pore size and clustering, including a description on the problem

formulation based on micromechanics.

Chapter 6 reports a detailed methodology to predict both the location of fatigue crack initiation
and life using multiple fatigue metrics followed by a comparative assessment among the metrics.
Furthermore, the role of simulation volume and the microstructural constraints on the prediction

of scatter in fatigue life is discussed.

Chapter 7 describes the work involving validation of the predicted location of microstructure-
sensitive fatigue crack initiation using a high-fidelity crystal plasticity model informed via high-
energy X-ray experiments. Moreover, the integrated setup is used to understand the role of twins

on the crack initiation.

Chapter 8 presents the conclusions of this dissertation reflecting on the significance of this research

work and a discussion on the potential future work.
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2. LITERATURE REVIEW

2.1 Estimation of critical porosity characteristics

Porosity is a potential source of fatigue crack initiation in both AM [7—10] and in conventionally
manufactured materials [11-16]. Experimental observations based on fractography analysis have
shown that the characteristics of a crack-initiating pore in fatigue are related to the pore size and
the proximity to the surface or an adjacent pore. Couper et al. have shown that the pore size is
more critical than pore volume fraction in connection with the fatigue behavior of a cast aluminum
alloy [11]. Wang et al. have experimentally estimated a critical pore size by comparing the fatigue
lives of fully dense and porous microstructures of a cast aluminum alloy [12]. Additionally,
researchers have shown that fatigue cracks initiate from near-surface and surface pores [9,15,17].
Furthermore, Danninger et al. [13] and Pang et al. [15] have shown that a pore cluster is a
prominent location of crack initiation due to interaction effects. As of now, a robust understanding
of the limiting cases of porosity in terms of pore size and clustering of pores for SLM materials is

still elusive.

Computed tomography (CT) is a non-destructive method used in the detection and characterization
of micro-pores in a material, and in the analysis of fatigue crack initiation. 3D reconstruction of
the pores in the material microstructure using CT is shown in [7,18-23]. The detection of a pore
is dependent on the resolution of the tomography set-up, which varies from sub-micron to sub-
millimeter. In this work, two different resolutions per voxel are used, namely, 0.65 um and 30 um
(Section 3.3). However, to make an informed optimal choice of a tomography set-up, prior

knowledge of the minimum pore size that affects the fatigue properties is essential.

Extensive specimen testing under fatigue loading combined with fractography analysis or CT is
one of the ways to identify limiting porosity. However, due to the time and cost involved, a more
feasible alternative is to make use of numerical modeling and simulation. There has also been a
growing need for predictive models in rapid qualification and certification of SLM materials [24],

which is the focus of the present work.

Some of the early work on the role of porosity towards the mechanical behavior involved the

development of analytical models to understand ductile failure using continuum plasticity theory
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[25-30]. These pioneering works have played a significant role in understanding the deformation
behavior of materials with pores. Recent studies explicitly account for pores within a finite element
(FE) model as it allows for more complex geometry and material description. Gall et al. [31] and
Fan et al. [32] studied the plastic strain localization around a pore using a continuum plasticity
framework in an idealized 2D-FE analysis. Gall et al. found that pore size and loading ratios have
a significant influence on the strain localization [31]. In addition, Fan et al. [32] and Xu et al. [33]
obtained the trends on strain localization by varying the distance of the pore from the surface and
spacing of the pore cluster. Gall et al. [31] and Baicchi et al. [34] showed that the pore shape has
minimal effect on the plastic strain. All of the above studies model the deformation by placing the
pore in a homogenized matrix [31-34] and thereby ignoring the effects of spatial inhomogeneity
of a polycrystalline microstructure having various grain morphologies and orientations, which can
significantly impact the results.

A few studies have been conducted by placing a pore within a heterogeneous matrix explicitly
accounting for microstructural attributes. Gao et al. have studied the variation in plastic strain
localization around a pore in a bi-crystal by varying the crystallographic orientation of the grains
[35]. Carroll et al. have modeled the pore in a polycrystalline microstructure with a large number
of grains having random orientations using 2D CP-FE simulations. They conducted the study using
different pore sizes and concluded that the local microstructure profoundly influences the strain
localization only when the pore has a size comparable to or less than the average grain size, and it
has nearly no influence if the pore is significantly larger than the average grain size [36]. Battaile
et al. extended the previous study [36] by performing a variability study on the peak plastic strain
for different pore sizes using multiple instantiations. Within each microstructure instantiation, the
crystallographic orientation of the grains is varied and grain morphology is held constant.
Additionally, they showed that a sub-grain pore in a polycrystalline matrix localizes more plastic
strain than when placed in an isotropic matrix [37]. The aforementioned studies [35-37] deal with
monotonic (tensile) loading and hence do not provide adequate insights on the deformation
behavior of pores subjected to cyclic loading. The cyclic deformation captures the effect of reverse
plasticity, and stress redistribution that is of prime importance to the study of fatigue crack

nucleation.
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2.2 Examining metrics for fatigue life prediction

The fatigue performance, especially the crack initiation life, is a significant factor in the safe-life
design philosophy used for critical aerospace components. Crack initiation is governed by the
loading conditions and the material microstructure, namely, grain size distribution, texture, and
defects [38,39]. It has been well established that the variability in microstructure leads to scatter
in fatigue life [4,5]. The accurate prediction of scatter in fatigue life is of paramount importance
to obtain the statistical minimum life for safe-life analysis [40—42] and further optimize AM

process parameters to obtain tailored microstructures.

Some of the early fatigue lifing approaches were based on the regression analysis between the
applied mechanical fields and fatigue life. Basquin proposed the first kind of this model, which
related the applied alternating stress to fatigue life [43]. Coffin and Manson developed a fatigue
life model based on the applied plastic strain, applicable to the low cycle fatigue regimes [44,45],
and Morrow related plastic strain energy per cycle to fatigue life [46]. Each of these
phenomenological models represent a two-parameter power-law regression to experimental data.
Smith, Watson, and Topper proposed a combined stress-strain formulation to predict the fatigue
life, which also includes the mean stress effect [47]. Fatemi and Socie developed a unified
parameter based on shear strain and normal stress, and correlated with fatigue life, to obtain the
critical plane during multi-axial loading [48]. While these classical approaches are easy to
implement, they have mainly two major limitations: (a) require a significant amount of
experimental data to characterize the model parameters and requires repetition of experiments
upon any slight pedigree changes to the material and (b) lack physical insight into the crack
initiation mechanisms, which limits their use in designing microstructures based on fatigue
resistance. A physics-based model, as the one presented in this work, is necessary to overcome

these limitations.

Several researchers formulated analytical models for understanding the crack initiation and life
estimation based on the dislocation motion and interaction occurring at the defect scale. Tanaka
and Mura modeled the plastic deformation within a slip band using two adjacent layers of
dislocations and obtained an expression for cycles to crack initiation by relating the stored energy
of dislocations and surface energy of the crack [49] and later, extended their model to account for

crack initiation from inclusions [50]. Mura and colleagues made further developments of the
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baseline model [49] to account for multiple slip bands [51,52]. Chan et al. made modifications to
the dislocation dipole model [49] to explicitly incorporate crack size and microstructural size based
on the minimization of the Gibbs free energy [53]. These models provide physical insights into the
crack initiation; however, they do not account for the statistical variations of the microstructure,
namely, grain size distribution, orientation distribution, and pores, hence, making it less applicable
to quantify microstructure induced fatigue scatter. Sangid et al. formulated an atomistically
informed prediction model for fatigue scatter with a special focus on crack initiation from
persistent slip bands (PSBs) in nickel-based superalloys accounting for the microstructural
variability [4,54,55]. However, their approach does not account for the complex evolution of

stresses and strains within the microstructure, which requires the use of CPFE simulations.

In the past two decades, researchers have been extensively using microstructure-sensitive CPFE
simulations to link the heterogeneities at the mesoscale to fatigue crack initiation. A fatigue metric
(commonly known as the fatigue indicator parameter) is a combination of one or more mesoscale
field quantities, which is used as a surrogate measure to identify the most likely location of crack
initiation. The existing literature has a wide variety of fatigue metrics defined to assess fatigue.
Multiple researchers have worked on correlating the fatigue metrics to the location of crack
initiation; however, the assessment was based solely on a single mode of failure. For instance,
Hochhalter et al. studied the crack initiation from a matrix-particle interface of an aluminum alloy
and concluded that all the slip- and energy-based metrics, including the mesoscale Fatemi-Socie
parameter [56-61], qualitatively predicted the same location of crack initiation [62]. Rovinelli et
al. [63] and Nicolas et al. [64] also observed similar results in their respective works. On the other
hand, Dunne and colleagues have studied the crack nucleation arising from a matrix—inclusion
interface at the free surface of a nickel-based superalloy and concluded that the metric, stored
energy density was able to accurately predict multiple crack initiation locations as compared to
other metrics [65]. The findings from the researchers mentioned above cannot be generalized for
multiple modes of failure as the mechanics of deformation varies with the failure mode under
consideration. In the current work, multiple modes of failure, at the free surface and either a
crystallographic feature or pore in the bulk of the microstructure are considered, which motivates
the reassessment of the fatigue metrics for this work. Few researchers have looked at the competing
failure modes using CPFE simulations, in particular, Prithivirajan and Sangid looked at the fatigue

failure between crystallographic features and pores [66], and Bandyopadhyay and Sangid analyzed
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failures from crystallographic features and an inclusion [67], however these works have not been

used to obtain the scatter in fatigue life, which is one of the objectives of this work.

The fatigue metrics could also be used for the fatigue life estimation, for instance, the elastic stored
energy [68] introduced by Dunne and colleagues has shown good correlations with experimental
fatigue life data; however, it requires the use of a dislocation density-based model which is
computationally expensive for 3D CPFE simulations and the identification of material parameters
is challenging. Cruzado et al. proposed a two-parameter model based on the local plastic
dissipation energy to predict the fatigue life [69]. Ghosh and colleagues proposed a fatigue life
model based on effective traction and dislocation pile up; however, its suitability is limited to dwell
fatigue of titanium alloys [70,71]. Yeratapally et al. proposed a fatigue model combining
molecular dynamics and CPFE simulations with emphasis on the role of twin boundaries. This
work involves the use of model parameters involving multiple length scales, which is very difficult
to obtain and validate [72] and hence, difficult in practice to solve problems for industrial
applications. In this study, a phenomenological CPFE model is employed to obtain multiple fatigue
metrics, which are further utilized to obtain the failure location as well as the scatter in fatigue life.
The model for obtaining fatigue life only involves a single parameter that could be easily obtained
from experimental test data. This work also involves carrying out a comparative assessment among

the multiple fatigue metrics.

2.3 Role of simulation volume and microstructural constraints on fatigue life predictions

While CPFE simulations have been proven to be useful in obtaining mechanistic insights at the
microstructural length scale of polycrystalline materials, simulations involving large
microstructures are computationally intensive. Hence, researchers often solve problems with
multiple instantiations of reduced simulation volumes that are statistically representative, to
mitigate the time limitation [4,5,58,73,74]. Tu et al. deduced that the minimum number of grains
in the microstructure for the prediction of an effective property or response function varies from
100-300 grains based on the quantity of interest [74], but has not addressed the dependence of
simulation volume (or the number of grains) on the fatigue life. A fatigue crack occurs at the
weakest link in the material, which is a rogue combination of the microstructural features and

defects in the microstructure. The probability of capturing the weakest link increases with either
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increasing the number of grains in a single microstructure or with the number of instantiations with
a reasonable number of grains in them [75]. Sangid et al. deduced that fatigue life decreases with
an increase in the number of grains using their PSB energy model [4]. Yeratapally et al. have
performed a sensitivity study on the fatigue scatter with respect to the number of grains within the
microstructure, and found that 150 grains is a reasonable simulation size to capture the scatter [5],
but has not investigated how the fatigue life prediction will change when the simulation volume is
close to the test specimen’s gauge volume, which has been addressed in this work. Moreover,
previous studies have not explored the combined role of the simulation volume and the
microstructure constraints towards the prediction of fatigue scatter, which is also addressed in this

work.

2.4 Validation of microstructure-sensitive fatigue crack initiation using crystal plasticity
simulations and high-energy X-ray experiments

Fatigue is the most common form of failure in the critical components of the aerospace industry
and the material microstructure dictates the plasticity-mediated micro-crack initiation [39]. The
development of a validated microstructure-sensitive predictive model for fatigue crack initiation
would accelerate the qualification process by reducing the overall number of specimen level tests
necessary. The crystal plasticity finite element (CPFE) method is a microstructure-sensitive
physics-based numerical tool commonly used to simulate plasticity and fatigue damage in
polycrystalline materials [6]. While CPFE has been in use for more than three decades and aspects
of CPFE modeling are constantly improving since its inception, lack of rigorous validation efforts
has restricted its usage in engineering design workflows [76,77]. To build trust in these models,
they must be validated at a relevant length scale, which is the key aspect of this work.

The key inputs to any CPFE simulation are the microstructure (i.e. the description of the grain
structure including morphologies, orientations, and grain boundaries and defect distribution) and
the boundary conditions. As this work involves one to one comparison with experiments, it is
important to replicate the physical test specimen at a mesoscale (i.e. the microstructure) and
capture the exact loading scenario and boundary conditions of the test specimen. Recent
developments in high-energy synchrotron X-ray techniques have made it possible to non-
destructively probe the 3D microstructure of a specimen and acquire the evolution of the

micromechanical fields with loading. Synchrotron X-ray micro-tomography (LCT) enables 3D
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imaging of the specimen’s internal structure based on the local density variations within the sample.
MCT is useful to obtain the porosity map and location of fatigue crack initiation during loading in
the specimen [78,79]. High-energy X-ray diffraction microscopy (HEDM) uses diffracted spots
pertaining to individual crystallites from a rotating sample, illuminated with X-rays to obtain grain
level information [80-85]. The near-field (NF) configuration of HEDM provides information on
grain morphology and orientations [80-82]. The far-field (FF) configuration of HEDM provides
the centroidal position, orientations, and elastic strain tensors for each grain illuminated by X-ray
rays within the sample [83-85]. In this work, uCT, NF-HEDM, and FF-HEDM are sequentially
used within the same experiment to obtain relevant information during fatigue loading. The
subsequent data is used to instantiate the CPFE models and validate the predicted location of crack
initiation. Annealing twins are present in the additively manufactured IN718 [86] and are known
to significantly influence the local mechanical behavior. While it is quite challenging to identify
and reconstruct twins using HEDM, due to restrictions in the dynamic range of the detectors; this

limitation can be addressed by carefully setting up multiple CPFE models, as shown in this work.

Twin boundaries (TBs) are known to be preferential sites for fatigue crack initiation in Ni-based
superalloys as observed from a few experimental studies [55,87]. Multiple models exist in
literature to rationalize why a twin boundary is detrimental to fatigue crack initiation. Some of the
earlier works developed analytical models, which showed that the TB developed high stress
concentrations because of elastic and plastic incompatibilities [88-91]. Using atomistic
calculations, Sangid et al. have derived that the TBs possess the lowest static energy and the highest
energy barrier for dislocation motion [55]. Thus, TBs are shown to be both beneficial as well as
detrimental to fatigue. Using CPFE simulations, Castelluccio and McDowell have shown that the
insertion of twins have increased the extreme values of the Fatemi-Socie parameter [92].
Yeratapally et al. have demonstrated through CPFE simulations that regions adjacent to TBs have
high values of elastic stress anisotropy and plastic strain accumulation thereby providing favorable
sites for crack initiation [5]. Cerrone et al. from the simulations concluded that high elastic
anisotropy and coplanarity of the boundary plane with an active slip plane are the main reasons for
TBs to be crack initiators [93]. In this work, we investigate the synergetic aspect of twins via
comparing the local micromechanical fields obtained from the microstructural models with and

without twins, along with the aforementioned validation efforts.
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Recently, several researchers have attempted to validate CPFE model using grain-scale
micromechanical fields from experiments. Turner et al. have instantiated a CPFE model informed
from the HEDM experiments and showed a reasonable agreement in grain-averaged stresses
between the simulations and experiments [94]. Kapoor et al. [95] and Tari et al. [96] have used the
same dataset as Ref. [94] and have shown improved predictions in stresses between the CPFE and
HEDM after initializing their models with residual stresses. However, validating grain-scale
stresses does not guarantee the accurate capture of fatigue crack location, which is a localized
event. Few authors have validated a CPFE model with respect to the location of fatigue crack
initiation. For instance, Chen et al. have predicted multiple crack locations at the matrix-inclusion
interface of a Ni-based superalloy using the extreme values of local stored energy obtained from
the CPFE simulations [65]. Bandyopadhyay et al. validated the crack initiation location of Ti-6Al-
4V alloys using the soft-hard-soft grain rationale and local micromechanical fields obtained from
CPFE simulations [97]. Nicolas et al. probed the environmentally-assisted fatigue crack initiation
using multiple fatigue metrics [64]. The aforementioned works [64,65,97] have achieved excellent
results, however, the sub-surface information was not included in their models, which has been
shown to significantly influence the local micromechanical fields [98]. Cerrone et al. have
investigated the fatigue crack initiation at a TB using a 3D realistic microstructural model informed
from HEDM experiments [93]. They performed correlation studies between the fatigue metrics
and the failure locations in a qualitative sense and reported that the values of slip-based metrics
and a transmission-based metric were high at the location of crack initiation. Given that, the
predictive models for use in safety-critical applications demand a high degree of confidence, a
detailed quantitative assessment of the correlations (between the metrics and the crack location)

via the probability measures is crucial, which is performed in this work.
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3. MATERIAL AND EXPERIMENTS

In this chapter, the material of interest and the details of different experimental characterization
techniques and testing used in this work are described. These experimental data are further used
in the modeling efforts and solve the problems associated with the fatigue of additively

manufactured IN718 as described in the introduction section.

3.1 Material and fabrication

The material of interest in this study is IN718, produced by SLM. The material was produced at
Penn State University's Center for Innovative Materials Processing through Direct Digital
Deposition (CIMP-3D) via an EOSINT M280 system [99]. Samples were produced in bulk blocks
(from which coupons would be extracted) and net-shape dogbone specimens, both of which were
built in the vertical orientation. The samples underwent a stress relief heat treatment prior to being
removed from the build plate (1065 °C for 1.5 hours followed by a two-bar argon cooling).
Afterwards, the parts underwent vacuum homogenization (1177 °C for 1 hour followed by two bar
argon cooling at 38 °C/hr to below 538 °C), vacuum solution heat treatment (982 °C for 1 hour
followed by gas fan cooling with argon to below 149 °C), and a two-part vacuum aging process
(718 °C for 8 hours, furnace cooled to 621 °C and held for 18 hours, and then gas fan cooled with
argon to below 149 °C). It should be noted that the samples did not undergo hot isostatic pressing.
The heat treatment was adequate to form y’ and y’’ precipitates, as the major strengthening

mechanism in this alloy, as well as a large fraction of annealing twins.

3.2 Electron backscatter diffraction analysis

To identify the grain attributes, several coupons of the material were characterized via electron
backscatter diffraction (EBSD) analysis using a Phillips XL-40 SEM with an EDAX EBSD camera
and associated TSL data collection and analysis software. More details on the scan parameters and
EBSD analysis are available in [86]. The grain map is shown in Figure 3.1. The pertinent
microstructural attributes used in this study are a grain size of 52.7 um with a standard deviation

of 52.2 um, random texture, and twin area fraction of 0.52.
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Figure 3.1 2D grain map of SLM IN718 obtained via EBSD analysis indicating the presence of annealing
twins in this material.

3.3 Tomography characterization

To characterize the defects inherent in the material as a result of the SLM processing, a detailed
tomography evaluation and analysis were conducted at two different length-scales in terms of
scanned volume and resolution of the tomograms. First, a lower resolution CT characterization
was conducted on a GE Phoenix V Tome X M 300 CT System at CIMP-3D. Two types of samples
were scanned and reconstructed, including bulk blocks from the build process (50.8 mm by 21.59
mm by 19.05 mm, as shown in Figure 3.2a) and net-shape dog-bone specimens (3 mm thick and
50.8 mm in overall length by 8.9 mm in width, while the gauge section is 17.5 mm long by 3.5
mm in width, as shown in Figure 3.2b). The CT characterization had a resolution of 30 um per
voxel (as 1680 voxels represented the longest dimension of 50.8 mm). Next, a higher resolution
synchrotron based X-ray micro-computed tomography (uXSCT) was conducted on 10 mm x 1 mm
x 1 mm coupons extracted from the bulk of the blocks at 2-BM of the Advanced Photon Source at
Argonne National Laboratory. The pXSCT characterization consisted of 1500 projections taken
over 180° continuously rotated at 1°/s with a 100 ms exposure time in white beam mode. The
uXSCT characterization had a resolution of 0.65 um per voxel (as 1532 voxels represented the
longest dimension of 1 mm). Tomographic reconstructions were performed on the acquired
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radiographs using a gridrec algorithm [100,101] implemented in tomographic data processing
software, TomoPy 1.0.0 [102].

Image processing consisted of both thresholding, using the Ostu method [103] and segmentation,
which were performed using a combination of ImageJ [104,105] and Avizo 9.2.0 software [106].
The segmented rendered volumes are shown in Figure 3.2 to display the porosity. A pore was
considered based on the threshold and segmented phase contrast. A reliable volume was
determined based on a 2x2x2 surface connected voxel filter (8 voxel minimum — minimum 1.3 um
minimum diameter), whereas a reliable morphology description required a 5x5x5 surface
connected voxel filter (125 voxels minimum — minimum 3.25 um minimum diameter) [19]. Figure
3.2c displays the porosity from the uXSCT characterization with the 125 voxel filter. For
visualization, only pores with equivalent diameter of 10 um or larger in the uXSCT sample are
shown in Figure 3.2d. As seen in Table 3.1, the disparity in resolution and scanned volume results
in drastically different percentages of porosity. The lower resolution CT scans can capture much
larger scanned volumes, but cannot measure small pores that are prevalent in the AM process.
Thus, the degree of porosity measured in the uXSCT characterization is significantly higher than
the CT characterization. However, due to the small scanned volume inherent to the uXSCT
technique, it results in low probability of scanning large pores, since an insufficient volume is
probed. Moreover, due to the high surface area to volume ratio of the dogbone specimen,
compared to the bulk block, the dogbone specimens contain a significantly larger degree of
porosity. The cumulative distribution function (CDF) of the porosity for the different techniques
and parts are shown in Figure 3.3a, with the 8 voxel filter applied to each dataset. The pXSCT
characterization shows a median pore size of 4 um. Moreover, the data was analyzed to determine
the minimum distance to an adjacent pore (for each pore analyzed). The minimum pore spacing

is shown in Figure 3.3b, with the median distance to the closest pore being ~10.5 um.
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Figure 3.2 Tomography reconstruction showing porosity of IN718 for various samples and settings: (a)
CT sample of dogbone (b) CT sample of bulk block, (¢c) uXSCT sample from bulk — with 5x5x5 voxel
filter, and (d) pXSCT sample from bulk — with 10 um equivalent diameter filter.
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Figure 3.3 Porosity data from tomography reconstruction of IN718 (a) Cumulative distribution of pore
equivalent diameter and (b) Cumulative distribution of distance to the closest pore.
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Table 3.1 Porosity data using uXSCT and CT.

Sample Resolution Ot Total volume | Porosity
P (um) Y (mm?) (%)
uXSCT 0.65 8 10.4 45x 107
CT-Blocks 30 2 41878 45x 103
CT-Tensile 30 3 3960 8.6 x 10*
Specimens

3.4 Mechanical testing

Eight micro-tensile specimens (Figure 3.4(a)) were tested at Element Materials Technology under
stress-controlled fatigue loading with a stress ratio (Rs) of 0.01 and a maximum stress (0,,4x) Of
800 MPa. The samples had a gauge volume of 1 mm x 0.3 mm x 1 mm. The life to failure data
obtained from the experiments is shown in Figure 3.4(b), which follows a lognormal distribution®.
Two modes of failure were observed from post mortem fractography analysis, namely, the facet
failure at the bulk of the specimen and failure at a free surface [107], which are also indicated in
Figure 3.4(b). Since the macroscopic loading is in high cycle fatigue regime with g,,,,, at ~70%
of the material’s yield strength [86], the crack initiation life dominates the total life, and for this

reason, the failure life will be considered the crack initiation life.

! The test for log-normality of the data set X (X here represents the failure lives) is alternatively posed as a test for

normality of log (X). The data points are first scaled and centered using the following equation:

. - log(X) — n
B o
Where, pu and o are the mean and standard deviation corresponding to log(X). Following this, the one sample

Kolmogorov-Smirnov test for normality of z was performed using the MATLAB function kstest. This returned the h
value to be zero indicating that the kstest fails to reject the null hypothesis (that the data comes from a normal

distribution) at 5% significance level. Thus, the original data set X belongs to a log-normal distribution.
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Figure 3.4 (a) IN718 specimen geometry used for fatigue testing, (b) Fatigue life data obtained from
testing of eight samples ranging from 37461 to 70161 cycles in life and following a log-normal
distribution, and indicating modes of failure, namely facet failure and free surface failure, as observed in
the eight specimens from the post mortem fractography analysis.

3.5 Fatigue testing with in situ X-ray experimentss
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Figure 3.5(a) Schematic of the IN718 test specimen used for in situ fatigue testing with the ROI at the
center as shown, (b) 3D NF-HEDM microstructure map of the ROI with grains colored via an inverse
pole figure representation, (c) 3D porosity map reconstructed from pCT within the ROI along with the
encircled surface pore where the fatigue crack initiated, and (d) pCT image of the fatigue crack from the
surface pore.
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The in situ high cycle fatigue (HCF) testing was conducted at beamline 1-ID of the Advanced
Photon Source (APS) at Argonne National Laboratory using a beam energy of 71.676 keV
(A=0.0172972 nm). The specimen was subjected to fatigue loading from 0 to 71000 cycles with an
R ratio of 0.01 and was cycled between 10 MPa (o,,:,) and 800 MPa (o,,,4) at a frequency of 20
Hz. This experiment was conducted in two parts: (i) 0 to 20 cycles and (ii) 20 to 71000 cycles. The
first part of the experiment was performed to initialize the CPFE model, and the second part of the
experiment was performed to obtain crack initiation data for use in validation efforts. A suite of
non-destructive 3D high-energy X-ray characterization techniques, conducted in transmission

geometry, namely, in situ NF-HEDM, FF-HEDM, and uCT were employed in this experiment.

During the first part of the experiment (0 to 20 cycles), NF-HEDM and FF-HEDM scans were
performed on a 355 pm tall region of interest (ROI) encompassing the gauge section of the
specimen, as shown in Figure 3.5(a). In the second part of the experiment (20 to 71000 cycles),
FF-HEDM and p-CT were performed on a 3 mm tall section (including the ROI). During the
second part of the experiment, the larger region was necessary to capture the surrounding
microstructure to the ROI and the appropriate boundary conditions for subsequent modeling
activities and ensure the crack initiation location was captured in the ROI. A rotational and axial
motion system [108] was used to apply cyclic load to the test specimen. This device is capable of
simultaneously applying axial load, while rotating the sample, without obstructing the path of the
X-ray beam. To aid with feature tracking across the aforementioned 3D characterization
techniques, a gold cube affixed on the gauge section was used as a fiducial marker [109]. The
details of each in situ high-energy X-ray technique along with the experimental set-up and data

acquisition will be outlined in the forthcoming paragraphs.

FF-HEDM was used to obtain the grain centroids, grain-averaged orientations, and the evolution
of the grain-averaged elastic strain tensors (and hence, grain-averaged stresses) with respect to the
HCF loading cycles. The experimental setup for both parts of the experiment was calibrated using
Ceria (CeO2) powder and Au patterns. A GE area detector (2048 x 2048 pixels, 200 um pitch),
placed ~ 880 mm away from the specimen was used to capture the diffraction peaks corresponding
to the grains that satisfied Bragg’s condition every 0.25°, while the specimen was rotated 360°
about its loading axis. At this distance, eight diffraction rings (corresponding to the {111}, {020},
{220}, {131}, {222}, {040}, {331}, and {240} crystallographic planes) were captured on the
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detector. The first two rings were attenuated with a lead tape to shield the detector from their high
diffracted-intensity measures. The FF-HEDM data was reconstructed by employing the
Microstructural Imaging and Diffraction Analysis Software (MIDAS) [110,111] using a
completeness value of 0.7. A spatial resolution of ~50 pm for the grain centroids, an angular
resolution of 0.1° for grain orientations and a resolution of 1e-4 for the lattice strains were achieved

using the current set-up. Further details regarding both parts of the experiment are as follows:

e For the first part of the experiment (0 to 20 cycles), the scans for the ROI were obtained at
0 cycle, 1 cycle, 2 cycles, 5 cycles, 10 cycles, and 20 cycles, using a 50 um tall beam.
Seven boxes spanning the ROI (the specimen was translated vertically by 50 um between
each scan) were scanned to characterize the microstructure. Diffraction spots from six
complete Debye-Scherrer rings ({220}, {131}, {222}, {040}, {331}, and {240} planes)
were used for analysis and reconstructing FF-HEDM data.

e For the second part of the experiment (20-71000 cycles and 3mm tall section), 24 boxes
stacked along the loading axis were scanned with a beam of height 125 pm. Scans were
taken at 20, 200, 2K, 15K, 43K, 51K, 59K, and 71K cycles. Diffraction spots from the first
four Debye Scherrer rings (belonging to {111}, {020}, {220}, and {131} crystallographic

planes) were used to reconstruct the FF-HEDM data.

NF-HEDM was used to obtain the 3D grain map of the ROI at the initial state (O cycle). Line
focused beams, 2 um tall and 2 mm wide, were used to acquire 71 scans to characterize the ROL
This NF-HEDM data was recorded every 0.25°, while the sample was rotated by 180° about its
loading axis. A detector with a 3 mm field of view and 1.5 um x 1.5 um pixel size captured the
diffraction data at two distances from the sample, ~ 5 and 7 mm, which helped to maximize the
spatial resolution of this technique, and accurately determine the source and direction of the
diffracted beam corresponding to each diffracted spot. The experimental setup was first calibrated
using a gold cube with sharp grain features. These calibration parameters were further refined
(using grains from the specimen itself) using an optimization technique until consistently well-
defined grain boundaries were obtained throughout the reconstructed near-field slice. NF-HEDM
scans were reconstructed using MIDAS, wherein a triangular grid with an edge size of 5 um was

used to obtain a high signal to noise ratio. The grain orientations obtained from FF-HEDM were

38



used to seed the forward modeling search-space within an orientation tolerance of 4°. The
triangular mesh (containing orientation information) was then re-gridded onto a 3D voxel-based
structure with a resolution of 2um x 2pum x Sum. This was followed by a segmentation procedure
by allowing a maximum misorientation of 2° between adjacent voxels to obtain distinct grains.
The 3D grain map of the ROI thus obtained is shown in Figure 3.5(b).

uCT was used to obtain the following information: (a) porosity map, (b) the location of microcrack
initiation during the fatigue testing, (c) the perimeter of the ROI to create a mask for the grains
reconstructed via NF-HEDM, and (d) the location of the gold cube in order to facilitate registration
among the three characterization techniques. To scan the 3 mm region, three 1.2 mm tall boxes
(stacked along the z-axis) were scanned with a 1.2 mm tall x 2 mm wide beam such that there was
a 100um overlap between two consecutive boxes on either end. A high resolution tomography
detector, with a pixel size of 1.17 um, was used to capture the raw data ~90 mm away from the
specimen (at 20, 15K, 43K, 51K, 59K, and 71K cycles). To capture fine features (such as pores
and micro cracks), radiographs were taken every 0.1° while the specimen was held in tension (at
Omax) and rotated by 360° about its loading axis. This resulted in 3600 radiographs, which were
used to reconstruct the specimen volume using an in-house APS MATLAB code [112]. Further
post-processing was done using a combination of MATLAB and ImageJ [105], and visualization
of the reconstructed 3D volume was done using ParaView [113]. A spatial resolution of 2.34 um
was achieved with the current detector set-up. The porosity map within the ROI is shown in Figure
3.5(c). A fatigue micro crack was observed at a surface-connected pore after 51K cycles from the
reconstructed data, which is depicted in Figure 3.5(d). Since the uCT scans were performed at
discrete intervals, the exact time point of crack initiation is not known. However, the crack must

have nucleated between 43K and 51K cycles.
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4. CRYSTAL PLASTICITY BASED MODELING FRAMEWORK

In this chapter, the major elements of a crystal plasticity based framework is described in detail.
This includes the creation of 3D virtual microstructures, description of constitutive model,
calibration of the material parameters, and the regularizing schemes used in post-processing of

results. Some aspects of this workflow process has been published in [114].

4.1 Creation of 3D virtual microstructures
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Figure 4.1. Automated creation of a 3D finite element model which is statistically representative of the
EBSD microstructural attributes.

The steps involved in the creation of the discretized polycrystalline microstructural instantiations
starting from the electron backscatter diffraction (EBSD) data is shown in Figure 4.1. In the first
step, the microstructural statistical information, namely, the grain sizes and orientations and twin
length fraction are obtained from the EBSD data. The grain sizes and orientations are extracted
using the reconstruction filters in DREAM.3D [115]. The reconstruction procedure involves: (a)
cleaning the experimental noise in the EBSD data, (b) segmentation of grains using a
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misorientation threshold value?, and (c) measuring grain sizes and orientations. The reader may
refer to the DREAM.3D reconstruction tutorial and associated algorithms for additional details of
these procedures [116,117]. The grain size corresponds to the diameter of an equivalent circle, as
is appropriate for equiaxed grain materials, and the orientations are obtained in the form of Bunge
Euler angles. From a single EBSD scan, only the 2D grain sizes are available, hence stereological
methods are necessary to obtain the 3D grain sizes (diameter of the equivalent sphere) for accurate
microstructure representation. The 2D grain sizes are converted to 3D data by multiplying a
stereological factor of 4/m [117]. Annealing twins are generally prevalent in Ni-based superalloys,
including IN718, owing to the material’s relatively low stacking fault energy, and these features
need to be included in subsequent modeling activities due to their significant effect on the
corresponding mechanical behavior. The twin boundaries are identified from the EBSD data using
the procedure detailed in Ref. [118]. Later, the twin length fraction, defined as the total length of
the twin boundaries to that of all the grain boundaries, is obtained using DREAM.3D.

The second step involves the creation of 3D synthetic microstructures, including twins, using the
statistics as obtained in the previous step. The synthetic building filters within DREAM.3D are
used to obtain the 3D synthetic microstructure, which we refer to as parent microstructure. The
inputs to the parent microstructure creation are the 3D grain sizes and the orientation information

(obtained in the previous step), desired volume of the microstructure, and the size of a voxel.

The primary steps in the parent microstructure creation involve packing the grains inside the
specified volume and matching the crystallography to the specified texture; the reader is referred
to Refs. [116,117] for additional details. The parent microstructure generation is random in nature,
i.e., different microstructures are obtained when the DREAM.3D pipeline is run multiple times
with the same set of inputs. The parent microstructure is deliberately created with a higher mean
grain size®, as compared to the actual mean obtained from the EBSD, which is necessary to

compensate for the reduction in the mean grain size after insertion of twins. The twins are inserted

2 For a material with a random texture, as is the case for the present material, a misorientation threshold value of 5° is
generally used. For highly textured materials, a misorientation threshold value of ~1°-2° would be more appropriate.

3 The increased grain size is dependent on the twin length fraction of the material. For the present material, the twin
length fraction is ~0.5 corresponding to an increase of the mean parent grain size of 30%. In the present analysis, the
parents and twins are treated independently in determining the grain size.
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into the parent microstructure using the methodology described in Ref. [119]. The segmentation
of a twin is performed along a randomly chosen {111} plane in a randomly chosen grain. The
Euler angles for the twin are assigned such that the misorientation between the parent and twin is
a 60° twist with respect to the <111> plane normal. Twins are restricted to be inserted in large
grains (greater than 80% of the largest grain) to preserve the average grain size of the
microstructure with twins. The maximum number of twins per grain is restricted to three to avoid
the creation of very small grains (diameter less than the minimum 3D grain size) after twin
insertion. Also, only one twin variant per grain is permitted to avoid the intersection of twins. The
creation of the parent microstructure, as well as the twin insertion process, is an iterative process
and is continued until statistical equivalency is achieved between the attributes of the synthetic
microstructure with twins and the EBSD data. The statistical equivalency criteria are defined using
three metrics: (a) within 5% of the average grain size, (b) within 5% of the twin length fraction?,
and (c) within 2% of the Taylor factor with respect to the applied loading direction of the
simulation. The Taylor factor serves as a scalar measure of the texture [120-122]. A tighter bound
is enforced on the Taylor factor criterion to preserve the sensitivity of the mechanical response to
the texture and a 5% tolerance for the grain size is acceptable as the crystal plasticity model used
in the present study is length scale independent. The microstructure instantiation containing twins
is referred to as the statistical equivalent microstructure (SEM) throughout the remainder of this
dissertation. Fifteen SEMs are created for this study. Each SEM is a cube of 300 pm length. The
number of grains in the SEMs vary from 190-204, which is sufficient to capture the random texture

and the homogenized stress-strain behavior at the macroscale [5].

The final step involves the creation of a volume mesh of the SEMs for subsequent CPFE
simulations. First, non-smooth surface meshes of the grain boundaries are obtained using
DREAM.3D. Second, these non-smooth surface meshes are smoothed using the Laplacian
smoothing algorithm available within DREAM.3D. The grain boundary smoothing is an important
step to obtain realistic grain morphologies. The reader is referred to Ref. [116] for the usage of

relevant DREAM.3D filters®. Third, the 3D volume mesh for each grain is obtained from the

4 For the 3D synthetic microstructures, area fraction of the twins is estimated and is used to compare with the length
fraction of twins obtained from 2D EBSD.

5 Laplacian smoothing requires multiple parameters as input. In this work, the default parameters given in DREAM.3D
software are used.
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smooth surface mesh using Gmsh [123]. Finally, all grain meshes are combined using Gmsh to
obtain the mesh for the entire SEM volume while maintaining the compatibility between nodes at

the grain interfaces. Linear tetrahedron elements (C3D4) are used in this study.

The above procedure is automated within an in-house MATLAB program. Thus, the entire
workflow, including calling the necessary DREAM.3D pipelines, twin insertion, identifying
statistical equivalency, grain boundary smoothing and meshing, and volume meshing in Gmsh, is
completed with a single execution of the program, via scripting between the various suite of
programs and algorithms. Hence, a set of SEMs can be quickly created, which can be used to
study the role of microstructure variability on the associated mechanical response. The automation
of this process ensures that the associated features are statistically equivalent and thereby the input
microstructure to the CP model is reliable. The 3D SEMs serve as input to CPFE simulations
discussed in the forthcoming chapters 5 and 6.

4.2  Crystal plasticity model

A phenomenological CP model [6,124,125] is used, which considers the twelve FCC slip
systems: (110){111}. The model is incorporated in ABAQUS within a user-defined material
subroutine (UMAT). The kinematics of slip is captured using the multiplicative decomposition
[126] of the total deformation gradient, F, as

F = F.F, (4.1)

Here, Fe and F,, are the elastic and plastic portions of the total deformation gradient, respectively.

The plastic velocity gradient, Ly, is related to the shearing rates, Y, on a slip system a as

12
L, = Z y¥s“@n* (4.2)
a=1

Here, s is the slip direction and n“ is the slip plane normal. A Hutchinson type flow rule [127] is

used to relate the shear strain rates to the resolved shear stress, t¢, as

a a,n

\, O

Y

= Yo e sgn(t® —x%)

(4.3)
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where vy, is the reference shear strain rate; g and x are the reference stress and back stress,
respectively; n is the inverse strain-rate sensitivity exponent. The evolution laws for the reference

and the back stresses are based on the Armstrong-Frederick type equations [128,129] and are given

by

12 12
“=H ) [y - Heg® ) v¥]
= = (4.4)

X* = AV = Agx* V"] 45)
where H and Hy are the direct hardening and dynamic recovery coefficients, respectively, for the
reference stress; A and A4 are the direct hardening and dynamic recovery coefficients, respectively,
for the back stress; q*? is the hardening matrix which has values of 1 for self-hardening (diagonal
terms) and 1.2 for latent hardening (off-diagonal terms) [130]. There are eight CP parameters: v,
n, g, (initial value of g), H, Hy, X, (initial value of x), A, and A4 to be estimated, which are

obtained using GA as described below.

4.3 Parameter estimation using genetic algorithm

In this study, the objective is to obtain a combination of the eight CP parameters that would
accurately capture the macroscopic response of the material (both forward and reverse behavior)
under uniaxial loading. The simplest approach is to manually adjust the CP parameters and carry
out a series of simulations until the desired homogenized output is achieved. However, such an
approach is time consuming and not suitable to accurately capture the reverse loading behavior
(Bauschinger’s effect) because the parameters are highly coupled and cannot be sequentially
changed with a high degree of precision. Hence, the CP parameter estimation is posed as an

unconstrained optimization problem given by:

1% 6)
min (6) = NZ( Ssim )

i=1 expt

(4.6)



where 0 is the set of CP parameters; S;Xpt is the stress value from the experiment and S, (0) is
the volume averaged stress value along loading direction from the CPFE simulation corresponding
to the i*" point on the macroscopic stress-strain curve; N is the total number of equidistant points

chosen on the stress-strain curve.

The optimization problem could be solved using many different approaches, including: (a)
machine learning techniques, (b) gradient based optimization methods, and (c) non-gradient based
optimization methods. The application of machine learning techniques requires a significant

quantity of training data and, hence, are not chosen in this work. To make use of the gradient based
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Figure 4.2. The schematic of an automated framework for the estimation of crystal plasticity parameters
using a genetic algorithm.
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approaches, one needs to numerically evaluate the gradients at 0, because f(0) does not have a
closed-form expression in terms of 8. Each function evaluation at 0 involves a CPFE simulation
to obtain S, (@). The numerical evaluation of gradients requires at least 9 CPFE simulations
(using either forward or backward difference schemes) for each iteration and hence, is too
computationally expensive. Moreover, the continuity and differentiability of f(0) is not
guaranteed for all @ € R®, where R is the eight-dimensional space of real numbers corresponding
to the number of CP parameters, a convergence using any gradient based method is not guaranteed.
So, a non-gradient based method is well-suited to solve the problem given by Eqn. (4.6), and due
to its simplicity, a GA is chosen for this work. The automated framework for the GA
implementation in a high performance computing domain involving multiple software platforms
is shown in Figure 4.2. The ABAQUS input file, containing mesh geometry, CP parameters (0),
and boundary conditions, is created using MATLAB. Subsequently, CPFE simulations are
performed in ABAQUS. Next, Sl (0) is extracted from ABAQUS using a Python script.
Afterwards, f(0) is evaluated in MATLAB. The stopping criterion is set as f(0) < 0.03, which
corresponds to the percentage error determined to be acceptable in calibrating the model to the
macroscopic experimental stress data (Séxpt). The built-in MATLAB function ga is used for

updating the parameters if the stopping criterion is not met.

Based on a sensitivity study with different mesh sizes, a coarse mesh of size 7.5 um was found to
yield a similar macroscopic stress response as compared to fine meshes and hence, was chosen for
the fitting process. The model reduction resulted in a computational cost saving of ~100X
(compared to a mesh size of 3 um)®, which is necessary to make this a tractable means for
parameter estimation in an engineering workflow. The maximum number of generations
(corresponds to global iteration number) is taken as 10 and the population size (corresponds to
sub-iterations within each generation) is given as 100. For most cases, the convergence was
achieved within a generation or two. The number of model evaluations could be estimated as the

population size x (number of generations + 1).

& One CPFE simulation, comprised of two loading cycles, in the present study with a mesh size of 7.5 um takes about
12-18 minutes using 160 processors.
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Also, due to the uncertainty in values for the single crystal elastic constants of IN718 in the
literature, these constants were obtained by back fitting the elastic portion of the experimental
stress-strain response using the GA. The upper and lower bounds for the cubic constants (C11,
C12, and C44) for the fit were taken from the literature [131-134]. All the model parameters thus
obtained via the use of GA are shown in Table 4.1. The model calibration with the experimental
macroscopic stress-strain curve for ten cycles until saturation of the hysteresis loops is shown in

Figure 4.3.

Table 4.1 Parameters used in the CP simulations.

No. Parameters Values
1 Cl1 225.7 MPa
2 C12 151.2 MPa
3 Ca4 112.3 MPa
4 o 0.0004 s’
5 m 38
6 go 380 MPa
7 H 7800 MPa
8 Hq 19
9 A 14000 MPa
10 Aq 84
11 Yo 10 MPa
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Figure 4.3. Comparison of the macroscopic stress-strain behavior of experiments and simulations using
calibrated CP parameters until ten cycles.

4.4 Regularizing schemes

The presence of distorted elements in the meshing of 3D polycrystalline microstructures is
unavoidable using the current workflow procedure. The distorted mesh elements arise, especially
due to the smoothing of the grain boundaries to obtain realistic grain morphologies. The distorted
elements are undesirable because they result in spurious stress values. Thus, it is necessary to
identify the elements with the poor quality and then, mitigate their effects using regularization
schemes. The quality of each element in each SEM is assessed by using the following geometrical

measures of the tetrahedron as defined by 3 and y.

CR
_ 4.7
S’Ems
_ 48
Y = 848xv (48)
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where CR is the radius of the circumscribed sphere, IR is the radius of the inscribed sphere,

Srms <= /%Z?zl(Si)z ) is the root mean square value of the edge lengths (S;), and V is the

volume of the tetrahedron. The schematic of a mesh element with relevant geometrical quantities
(asin Eqns. (4.7) and (4.8) ) are shown in Figure 4.4(a, b). The good quality elements correspond
to €[1,3] andy € [1,3], and the rest of the elements are considered as poor quality elements
[135]. The distribution of the mesh quality metrics for one of the SEMs is shown in Figure 4.4.
Different volume averaging schemes, namely non-local averaging [66], band averaging [61], and
the grain averaging, are used to mitigate the effects of the poor-quality elements, and to report
consistent results that are mesh independent.
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Figure 4.4 (a) 3D schematic of a tetrahedron with the edge length denoted by S; for a side i, (b) 2D
representation of a tetrahedron with the circumscribed sphere (with a radius CR) and the inscribed sphere
(with a radius IR) shown, and distribution of mesh quality metrics: (c) f and (d) y for all the elements
within SEM #1. For both the quality metrics, values greater than three represent poor quality elements
[135].
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Figure 4.5 2D schematic of the different regularization schemes used in the post-processing of the
micromechanical fields: (a) non-local averaging, (b) band averaging, and (c) grain averaging, defined at
an integration point, P.

In the non-local averaging scheme, at each integration point (say P), a cuboidal volume as defined
by the slip vector, slip normal, and the orthonormal in-plane vector is bounded such that the
integration point is at the centroidal position of the averaging volume (Figure 4.5(a)). The bounded
volume will enclose multiple integration points, and the average of all the field values inside the
bounded volume is calculated. The process is repeated for all the integration points in the
microstructure. Since there are twelve slip systems in an FCC polycrystal, we have twelve
averaged values corresponding to each slip system. The maximum value among the twelve values
is assigned to the point P. In performing the averaging, the volume is not allowed to cross the grain
boundary as shown in Figure 4.5(a). The averaging scheme closely aligns with the physics of slip
deformation, thereby retaining the associated gradients in the micromechanical fields. Also, by
restricting the averaging domain to be within a grain enables preservation of the gradient developed
across the grain boundary due to kinematic compatibility and elastic anisotropy. Band averaging
is the limiting case of the non-local averaging scheme. When the cuboidal volume is extended
along the slip vector, and the orthonormal in-plane vector is extended until the exterior surfaces of
the grain, we obtain the band averaging volume (Figure 4.5(b)). In the grain averaging scheme, for
each integration point within a grain, all the field values within the grain are averaged and assigned

to that integration point. Therefore, each grain will have one unique value for a given field quantity.
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The poor-quality elements, elements near the simulation boundary constraints, and elements near

the pore are not included in the regularization calculations to avoid bias in the resulting values.

The size of the non-local averaging domain is dependent on the local finite element size and the
loading conditions (low cycle fatigue or high cycle fatigue). In the low cycle fatigue conditions,
the size of the averaging volume is taken as ~ 3-4 elements with respect to the slip direction and ~
2-3 elements in the transverse directions based on a sensitivity study. This volume satisfies the
requirement of smoothing spurious values and preserving the localization of the micromechanical
fields. The volume corresponding to each integration point would be different due to the
restrictions placed on the domain to be within the grain. In the high cycle fatigue conditions, as
the macroscopic loading is less than the material’s yield strength, some elements in the SEM will
undergo plastic deformation, while the remaining elements will still be elastically loaded. Hence
it is essential that the averaging volume is small to capture microplasticity, but at the same time, it
has sufficient elements to result in mesh independent results. Hence, the size of the non-local
averaging volume is chosen as 2*2*2 elements, and the average number of elements in the non-

local averaging volume is found to be ~ 25, which is sufficient to smooth out oscillations.
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Figure 4.6 Comparisons of the stress values along a random probe line evaluated from the local element
values of the coarse mesh, non-local averaged values obtained from coarse mesh, and non-local averaged
values obtained from fine mesh.
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Figure 4.6 shows the comparisons of the stress values along a random probe line in the FE
microstructure in the loading direction. The three plots shown in Figure 4.6 correspond to the local
element values obtained from the coarse mesh, non-local averaged values obtained from the coarse
mesh, and the non-local averaged values obtained from the fine mesh. The details of the coarse
mesh and the fine mesh are given in Table 4.2. The smoothing of the stress values due to the
application of the averaging technigue is evident from Figure 4.6 and the mesh sensitivity study
using the non-local averaged stress values indicate that the coarse mesh shows converged results

in comparison to the fine mesh, which justifies the choice of the coarse mesh in our simulations.

Table 4.2 A comparison between the coarse mesh and the fine mesh for the CP-FE models with respect to
element size, number of nodes and elements, and computational time for one cycle.

Element Size No. of Simulation time
Finite element model No. of Nodes Elerﬁents
(um) for 1 cycle
Coarse Mesh 3.2 0.7M 3.8 M ~ 1 day
Fine Mesh 2 22 M 13.7M ~ 10 days
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5. ESTIMATION OF CRITICAL POROSITY CHARACTERISTICS

In this chapter, a CPFE based modeling framework is described to predict the limiting cases of
porosity (pore size and proximity within a pore cluster) affecting the fatigue crack initiation of
SLM IN718, which also addresses an existing gap in the current literature. Cyclic simulations are
performed for multiple instantiations of the 3D microstructure containing pores of varying pore
sizes, locations relative to the surrounding microstructure, and proximity between adjacent pores.
Multiple instantiations in this study allow variation in both crystallographic orientation and grain
morphology to understand the resulting sensitivity with different microstructures. Within this
chapter, Section 5.1 presents the problem formulation with the results, and Sections 5.5 and 5.6
provide the discussions and conclusions of this work, respectively. The results and analysis

provided in this chapter have been published in [66].

5.1 Input microstructures

N

150 pm

Figure 5.1 SEMs used as input to the CP-FE simulations that are statistically representative of the EBSD
microstructural attributes and have similar macroscopic strength behavior.

A total of 5 SEMs (Figure 5.1) were created as input to the CPFE simulations that are statistically
representative of the EBSD microstructural attributes and have similar macroscopic strength
behavior. Each SEM is a cube of dimension 300pum. The number of grains within the SEMs varies
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from 189-205. Linear tetrahedron elements (C3D4) are used in meshing. The global mesh size for

each SEM is prescribed as 3.2 um based on a sensitivity study.

5.2 Boundary conditions

150 pm

Figure 5.2 Displacement boundary conditions applied on the boundary faces of the microstructure model
used in the CP-FE simulations. Ux is zero on the x=0 face, Uy is zero on the y=0 face, Uz is zero on the
Z=0 face, Uy is specified on the top face, and the other two faces (X or Z=300 um) are free.

Each CP-FE model under investigation is subjected to strain controlled fatigue cycling from 0 to
1%. A total of 47 CP-FE simulations are conducted within this study, and the computational time
necessary for each simulation on 160 processors is ~4-5 days. As discussed in Section 5.4.2, the
critical pore size estimation involves a comparison within the spatial distribution of the damage
metrics. From a single CP-FE simulation, it was found that the spatial distribution of the damage
metrics had a similar trend in terms of the most probable location of failure for both four cycles
and ten cycles. Hence, the present analysis based upon the computational costs and identifying the
most likely location of crack initiation, relies upon the results of CP-FE simulations after four
loading cycles.

The boundary conditions used in the FE simulations are shown in Figure 5.2 and are consistent
with those proposed in [136]. Ux, Uy, and Uz represent the displacements in x, y, and z directions,

respectively. Ux is zero on the x=0 face, Uy is zero on the y=0 face, Uz is zero on the Z=0 face,
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Uy is specified on the top face (Figure 5.2) based on the applied strain values, and the other two
faces (X or Z = 300 um) are free. In this work, we are primarily interested in the role of porosity
in SLM IN718, and the presence of residual stress gradients and surface roughness effects are not

taken into account.

5.3 Damage indicator parameters

To understand the fatigue behavior, four damage indicator parameters (DIPs) have been calculated
in this study based on their prevalence to fatigue crack initiation as previously discussed in [5],
namely, the plastic strain accumulation (PSA), elastic stress anisotropy (ESA), change in resolved
shear stress (ARSS) and the triaxiality (Triax). PSA indicates the localization of plastic slip in the
microstructure [137,138] and strain localization is well-known to be a precursor to crack initiation
[39,139]. PSA is obtained as the time integral of the scalar product of the plastic velocity gradient,
Ly,

- Lp (5.1)

PSA = j pdt 5.2)

ESA gives a scalar measure of the lattice incompatibility tensor [140] and is representative of the

internal stresses caused by geometric mismatch of the slip system at the grain boundary.
a= Curl(Fp) = — curl(Fe_l) (5.3)

ESA = > :
= pea (5.4)

RSS provides a measure of the shear stress on a slip system which drives the plastic deformation.
ARSS is obtained between the maximum and the minimum strain points during a loading cycle,
and the value of ARSS is taken as the maximum value over the 12 slip systems, [3.

1 = 6:(sP @ nf) (5.5)

ARSS = max AtP (5.6)
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Triax is the ratio of the hydrostatic stress to the equivalent stress. Hydrostatic stress influences the
volume change of a material point which is an elastic process. Equivalent (or von Mises) stress is
derived from the deviatoric part of the stress tensor and it affects the shape change of a material
point. The relevance of triaxiality to crack initiation is discussed in [141].

Hydrostatic stress

Triax =
rax Equivalent stress (5.7)

ESA and Triax are obtained at the maximum applied strain point corresponding to the fourth cycle,
PSA is obtained at the minimum applied strain point at the fourth cycle, and ARSS is obtained
across the fourth cycle as a difference between the peak and minimum applied strains.

5.4 Results

In a polycrystalline microstructure with pores, the fatigue crack may either initiate at a
crystallographic feature (grain boundary, triple/quad points, twin boundary, etc.) or at a pore. The
goal of the critical pore study is to identify the scenarios under which the fatigue crack is likely to

initiate at the pore rather than the crystallographic features.

Further, in this work, a microstructure with multiple pores will be referred to as a flawed model, a
microstructure with no pore will be called a fully dense microstructure. Any micromechanical field
quantity (stress, strain, etc.) around a pore in the flawed model depends on the size of the pore,
anisotropy of the surrounding grains and the interaction effects (pore-pore and pore-boundary).

Mathematically, any micromechanical field (y) near a pore could be approximated as:

l]J~ lIjavg + ALl’poresize + ALl’anisotropy + ALIJ interaction (58)

Ay represents the perturbation due to the specified factor.
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Pore Pore Cluster Existing

pore Additional
pore

150 um

Figure 5.3 Representative microstructure models used in the critical pore study with (a) a single pore and
(b) two pores.

The critical pore study is formulated as three connected studies based on Eqgn. (5.8), namely, the
pore placement study with respect to the SEM, critical size study, and the cluster study. Each study
accounts for only one factor. The first two studies have a single pore in the microstructure as shown
in Figure 5.3a, and the cluster study has two pores in the microstructure as shown in Figure 5.3b.
The pore in the model is created by element deletion from the meshed model. Before deletion, the
FE mesh is locally refined at the local neighborhood around the pore center with an element size
of 1 um. The refinement is carried out within a sphere of radius 10 um greater than the pore radius.
This provides a more realistic pore representation and a local refined mesh near the pore to capture
gradients in the micromechanical fields. The nearest two layers of elements near the pore are not
considered while obtaining the spatial distribution of the DIPs to avoid the effects of the local
geometrical serrations caused by element deletion. The descriptions of each study with the

mechanistic basis of the formulation and corresponding results are given below.

5.4.1 Pore placement study

In the pore placement study, the FE microstructures are set up in such a way to include only the

influence of the surrounding anisotropy (A anisotropy)- This is accomplished by following three

steps. First, the models are created with a single pore, which eliminates the pore-pore interaction

effects. Second, the pore is deliberately placed in the bulk of the microstructure, which reduces the
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pore-boundary interaction effects, and third, all the models are created with a fixed pore size of
30 um, which eliminates the effect of the pore size. This study identifies the location in the fully
dense microstructure, where a pore should be placed representing the worst-case scenario for a

fatigue crack to initiate, as predicted by the DIPs.

It is well known that the intersection points in a fully-dense microstructure (grain boundaries, triple,
and quad points) act as stress concentrators. From a study consisting of seven CP-FE simulations,
it was found that a pore when placed at the intersection point (of the fully-dense microstructure)
possessing the highest stress, resulted in the maximum values of the DIPs (PSA, ARSS, and Triax)
near the pore. This information regarding the pore placement is used to set up the simulations for
the critical size study.

5.4.2 Critical size study

In the critical size study, the influence of the pore size (AY,oresize) IS studied by using only a
single pore placed at a fixed location (highest stress intersection point corresponding to each SEM),
which eliminates the anisotropy and interaction effects. For each SEM, five models are created
with one pore in each SEM having sizes of 10, 20, 30, 40, and 50 um, respectively. This study
estimates the critical pore size corresponding to each SEM, which is defined as the size beyond
which the location of crack nucleation, as determined by the values of the resulting DIPs,
transitions from crystallographic features to the pore vicinity. From the simulations, the critical
size is obtained from the radial distribution function of the maximum values of the non-local
averaged DIPs. It is estimated by identifying the pore size at which the DIPs near the pore attain

the maximum value as compared to the rest of the microstructure.

The radial distribution function of all the DIPs for each SEM are plotted in Figures 5.4-5.8. The
fully dense case (with no pore) is plotted in the figures to have a baseline comparison for the SEM
models with a pore. The Figures 5.4-5.8 have the same range for each DIP for all SEMs to enable
easier visual comparison. It could be observed that the radial distribution of each DIP
corresponding to an SEM is distinct and is predominantly due to the variability of the
microstructures across the SEMs. For a single SEM, the DIPs near the pore vicinity are different
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for each pore size and they converge to the values of the fully-dense case farther from the pore

center.

Of all DIPS, both the PSA and ARSS have a strong correlation with the pore size as can be seen in
Figures 5.4-5.8. In most cases, both the PSA and ARSS monotonically increase with an increase
in the pore size. In very few cases (as in Figure 5.8), there is a slight decrease of both the PSA and
ARSS while going from a pore size of 40 to a pore size of 50. This could be attributed to a couple
of reasons: a) the immediate neighborhood is different for each pore size or b) local refinement in
mesh. On the other hand, both the ESA and Triax do not have a strong correlation with the pore
size. The ESA involves gradients, which are numerically calculated during post- processing using

the following equation [142]

Zn i ((I)k — q)m)
Y (€O C ™)
0%y e (5.9)

% is the partial derivative of a field quantity ¢ with respect to a Cartesian coordinate direction

x,. The partial derivative is evaluated at the k™ point using the information of the closest n (=10)
neighboring points. 7, is the distance between the k™ point and the m™ neighboring point. ¢
corresponds to the plastic deformation gradient tensor (Fp) in calculating the ESA. Since ESA
involves calculations of gradients explicitly, this quantity is more sensitive to the mesh and
serrations near the pore, which would explain the inconsistent behavior of the ESA especially near
the pore in Figures 5.4-5.8. As for the behavior of the Triax, it could be attributed to the fact that
it is a ratio of two different stress measures. For all the SEMs, the Triax has been observed to be
higher at the microstructural features than at the pore vicinity due to the additional volume

constraints.

The peak values of all the DIPs, observed particularly near the microstructural features in Figures
5.4-5.8, are not subjected to a detailed investigation to find out the inherent microstructural features,
as the focus of this work is more towards the porosity than understanding the microstructural

attributes related to fatigue crack initiation.
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From the observations above, only the PSA and ARSS are considered further in the assessment of
the critical pore size. For each SEM, the critical pore size is obtained based on the radial functions
of the PSA and ARSS. The critical pore size thus obtained for each SEM is plotted in Figure 5.9,
and it varies from 20 — 40 wm across all the SEMs. As a conservative estimate the critical pore size

could be taken as 20 um, which is ~ 40 % with respect to the average grain size of 48 um.

The maximum values of the PSA and ARSS at the pore vicinity for all the SEMs with respect to
pore size is plotted in Figure 5.10. For the same pore size, there exists a considerable variation of
the resulting PSA and ARSS. The deviation in the values could be strongly related to the difference
in the surrounding microstructure associated with each SEM around the pore. Figure 5.11 shows
the visualization of all the DIPs corresponding to SEM4 with a 20 pum pore. Figure 5.11 is mainly
intended to depict the heterogeneous deformation behavior of the polycrystalline microstructure
and the localization of the micromechanical fields near the pore. Each DIP is plotted with respect
to the entire microstructure and about a cross-section across the pore. The PSA, ESA, ARSS and
Triax are shown in Figure 5.11(a), (b), (c), and (d), respectively.
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Figure 5.4 Radial distribution plots of the damage indicator parameters for SEM1 (a) Plastic strain
accumulation, (b) Elastic stress anisotropy, (c) Change in resolved shear stress, and (d) Triaxiality.
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Figure 5.5 Radial distribution plots of the damage indicator parameters for SEM2 (a) Plastic
strain accumulation, (b) Elastic stress anisotropy, (c) Change in resolved shear stress, and (d) Triaxiality.

0.25¢

(a)

o
o 9
S

Accumulation
o
=

0.05; 2 -'

100 200 300
Dustance from the center of the pore (um)

§ 200 (C)

160 200 360
Distance from the center of the pore (um)

==
&15; .
= ——No-Pore  =——Poresize-30
_5 (b) —— Poresize-10 == Poresize-40
g 1 ~— Poresize-20 -~ Poresize-50 -
W
%)
g
& 0.5¢ &/\
S ,ﬁ S A-’Q’Y”‘ e MJ\'
ki 05
w 100 200 300
Dlstance from the center of the pore (um)
1.6
21.2; \
©
E Y, "'\J W""‘-ﬁ'@;ﬁ\
= o.
04"

0 100 200 S(jO
Distance from the center of the pore (;:m)

Figure 5.6 Radial distribution plots of the damage indicator parameters for SEM3 (a) Plastic strain
accumulation, (b) Elastic stress anisotropy, (c) Change in resolved shear stress, and (d) Triaxiality.
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Figure 5.7 Radial distribution plots of the damage indicator parameters for SEM4 (a) Plastic strain
accumulation, (b) Elastic stress anisotropy, (c) Change in resolved shear stress, and (d) Triaxiality.
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Figure 5.8 Radial distribution plots of the damage indicator parameters for SEM5 (a) Plastic strain
accumulation, (b) Elastic stress anisotropy, (c) Change in resolved shear stress, and (d) Triaxiality.
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Figure 5.11 Visualization of the damage indicator parameters for SEM4 (with 20 um pore) along with
cross-sectional views near the pore showing the spatial variation of (a) Plastic strain accumulation, (b)
Elastic stress anisotropy, (c) Change in resolved shear stress, and (d) Triaxiality.

5.4.3 Cluster study

In the cluster study, the influence of the pore-pore interaction is studied. All the models in this
study have two pores (representing a pore cluster) of the same diameter, d, in the microstructure
(Figure 5.3b) with their centers separated by a distance of L. The simulations are performed by
fixing both the size and location of the existing pore (Figure 5.3b) and the position of the additional
pore is varied, thereby varying L in each simulation. The cluster study models (Figure 5.3b) are
created using the critical size study microstructures (Figure 5.3a). The additional pore (Figure 5.3b)
is created on the plane (X-Z) perpendicular to the loading direction (Y) and radially adjacent to
the point in the circumference of the existing pore that has the maximum PSA, which allows for

the maximum interaction effects.
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From the critical size study, SEM4 has the least critical pore size of 20 um in terms of both PSA
and ARSS and hence, it is chosen for the cluster study as it is representative of the worst-case
scenario. The first set of cluster models identify the critical separation distance below which a
combination of two sub-critical pores (d = 10 um) is likely to initiate a fatigue crack. This is
estimated by comparing the simulation results of the pore cluster study with the results of the

critical size study.

Figures 5.12 (a) and (b) display the variation of the PSA and ARSS for various L/d ratios. The
critical value in Figure 5.12 corresponds to the respective DIP values obtained from the CP-FE
simulation of a single 20 um pore in SEM4 from the critical size study. For the pore cluster of d =
10 um, the PSA (Figure 5.12 a) exceeds the critical value when L/d equals 1.5, whereas ARSS
does not exceed the critical value in any case. With respect to PSA, it could be concluded that
when the separation distance, L, is less than or equal to 15 um, a fatigue crack is likely to initiate

at the pore cluster.
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Figure 5.12 Variation of the (a) Plastic strain accumulation and (b) Change in resolved shear stress
obtained for the cluster study (d = 10 pm).
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Figure 5.13 Variation of the (a) Plastic strain accumulation and (b) Change in resolved shear stress
obtained for the cluster study (d = 20 um).

The second set of studies are performed with two pores each having a size of 20 um in order to
understand the nature of the pore-pore interaction effects on both the PSA and ARSS as a function
of L/d. Investigation of Figures 5.12 and 5.13 show that interaction effects are most dominant

when L/d ratio is less than or equals 2.

5.5 Discussion

Based on the results of the CP-FE simulations, the size of a critical single pore to cause a potential
debit in the fatigue life of SLM IN718 is determined to be 20 um. From this conservative
assessment, a standalone pore of size 20 um or greater within the microstructure is likely to initiate
a fatigue crack. Moreover, additional pores in the vicinity of the initial critical pore would result
in a further detriment to the fatigue life. Even sub-critical pores with diameters of 10 pm could
cause fatigue failure when the separation distance between them is less than 15 um, due to the
pore-to-pore interaction. The results of the CP-FE simulations are compared with the pXSCT
characterization (Figure 3.3) to identify the probability of limiting porosity within representative
SLM IN718 material. From Figure 3.3, the probability of a single pore greater than 20 um in size
is 0.2%, while the probability of pores possessing a diameter of 10 to 20 um is equal to 1.8%. In
general, the probability of pores being spaced less than 15 um apart is 41.6%. From the probability

values determined from the uXSCT characterization, based on their size and separation distance,
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~1% pores are likely to providing a fatigue debit. For this SLM IN718 material, a tomography
measurement with resolution of 10 um (5 um voxel size based on Nyquist sampling) would be
sufficient for detection of critical porosity within the material. In addition, the process build
parameters and subsequent post-processing treatments could be tailored to control the porosity

within the critical limits as obtained from the simulation results.

The final mode of failure from a pore is due to the pore-boundary interaction. Although the pore-
boundary interactions are not explicitly modeled, it is possible to obtain a rough estimate from the
results of the porosity cluster study. Based on symmetry, we propose the approximation as shown
in Figure 5.14. A pore cluster separated by a distance, L, is idealized into a pore-boundary
configuration with a separation of L/2. Of course, the traction free-boundary conditions of the free
surface and the resulting surface deformation would result in a breakdown of this simplifying
assumption. Nevertheless, the imposed symmetry condition would be more detrimental to the
values of the DIPs than the free surface, as the additional out-of-plane constraints from the
symmetry condition would result in additional localization of the micromechanical fields
compared to the free surface condition. Hence, the symmetry assumption depicted in Figure 5.14
provides a conservative estimate. From the cluster study, it was determined that a pore cluster, in
which pores are separated by less than 15 um would provide a debit in the fatigue life and the
pore-to-pore interaction would be dominant when the L/d ratio is less than 2. Based on these results,
a surface connected pore or pore immediately sub-surface by a distance equivalent to its diameter
would result in localization of the micromechanical fields and likely be a site for fatigue crack

initiation.
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Figure 5.14 Approximating pore-pore interaction to an equivalent pore-boundary interaction.

The CP-FE simulations in this study represent an idealized microstructure, which does not
introduce residual stresses, non-metallic inclusions [143], surface roughness, as large as (ALA)
grain sizes [4], or notches due to geometric discontinuities, which would further reduce the fatigue
life and act as a competing failure mechanism in the presence of porosity. Residual stresses have
a less significant effect on crack initiation, as post-processing heat treatment significantly reduces
them [7]. Surface defects, including surface roughness and surface connected porosity, are another
prominent source of crack initiation in SLM materials [21,144,145]. Any surface defect could be
modeled as an equivalent sized surface pore [31,34] using the current framework. Thus, by
including more representative defects within the simulation, it is anticipated that the critical pore
size would increase, as pore induced crack initiation would serve as a competing mechanism with
other flaw-mediated sources of failure. Thus, the current study represents a conservative approach
(or worst-case scenario) for the critical pore size. As the first attempt at validation, the SLM IN718
material was machined into eight micro-fatigue specimens with gauge volume of 1 mm3. This
material, corresponding to the porosity characterization in Figure 3.3, was cyclically loaded until
failure. Fractography was conducted on the failed fracture surfaces, and in each specimen, porosity
was not the cause of failure. Hence, based on the porosity characterization for this material, it was
determined from the present modeling analysis that ~ 1% of the pores in the characterization
volume are potentially likely to initiate a fatigue crack, albeit this low percentage was in agreement
with the experiments, since pore initiated failure was not observed from the fractography analysis.
This is the topic of on-going research aimed at predicting the fatigue lifetime of SLM IN718

material.
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5.6 Conclusions

A crystal plasticity based modeling framework is developed to quantify the critical scenarios
of porosity towards the fatigue crack initiation of SLM IN718, where,

o Statistical equivalent microstructures are created as input to crystal plasticity
simulations, which are statistically representative of the microstructural attributes and
macroscopic stress response.

o Crystal plasticity parameter estimation is posed as an optimization problem and is
solved using a genetic algorithm.

o A spatial non-local averaging technique is introduced to capture the variations of the
micromechanical fields, which allows the usage of a coarser mesh.

o The problem of critical porosity study is formulated as three connected studies based
on the mechanics of pore deformation, which are the pore placement relative to the
neighboring microstructure, critical size of a single pore, and the separation distance of

two pores representing a pore cluster.

For the SLM IN718 materials with average grain size of 48 um, the size of a critical single
pore to cause fatigue failure is obtained as 20 um. It was also found that even sub-critical pores
of 10 um in diameter could cause fatigue failure when the separation distance between these
pores is less than 15 um, due to the pore-to-pore interaction. Based on a statistical argument,
the percentage of critical porosity within the uXSCT characterization volume is estimated as

~ 1%.

The modeling framework developed in this study has been used to study critical porosity but
can be extended to other defects. This work is potentially beneficial in qualifying SLM
materials given the natural porosity inherent to the manufacturing process, by reducing the
number of necessary fatigue experiments. Additionally, the results of this study can be used
to help identify appropriate process build parameters based on the resulting porosity, choice of
non-destructive evaluation methods based on the resolution needed to capture the critical pore
size, and subsequent post-processing steps necessary to mitigate pores larger than the critical

size.
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6. EXAMINING METRICS FOR FATIGUE LIFE PREDICTIONS
INCLUDING THE ROLE OF SIMULATION VOLUME AND
MICROSTRUCTURAL CONSTRAINTS

In this chapter, a comparative assessment of multiple fatigue metrics based on microstructure-
sensitive CPFE simulations of many virtual microstructures are performed, to obtain the probable
location of failure and the scatter in fatigue life, considering the failures at both the surface and
sub-surface, including the role of porosity. In addition, we perform additional sets of CPFE
simulations to understand the role of simulation volume as well as the boundary conditions on the
prediction of the fatigue scatter. Within this chapter, Section 6.1 describes the crystal plasticity
based fatigue modeling framework, Section 6.2 presents the results, and Sections 6.3 and 6.4
provide the discussions and conclusions of this work, respectively. The results and analysis

provided in this chapter have been published in [146].

6.1 Fatigue life prediction framework

6.1.1 Microstructural models

Fifteen SEMs are created for this study, as shown in Figure 6.1. The pores are created randomly
within the SEMs such that the volume fraction of the pores across the SEMs matches the volume
fraction from uXSCT characterization. Also, the sizes of the pores are sampled from the tails of
the distribution obtained from the uXSCT characterization [66] and are prescribed to be 10, 20,
30, and 40 um. The pores are inserted to serve as a competing failure mechanism. As per the
previous studies by the authors [66,107], a pore becomes significant only if its size is equal or
greater than 10 um and hence, is chosen to be the minimum size. The details of the number of
pores and corresponding sizes in each SEM have been shown in Table 3.1. The creation of pores
in the discretized SEMs is performed via element deletion. Before deletion, the local neighborhood
around each pore is refined using an element size of 1 um. The radius of the sphere of refinement
is 10 um greater than the actual pore radius. The refinement helps in obtaining a near-spherical
pore morphology and preserves the gradients developed near the pore. Constraints are added such
that each SEM can have a maximum of two pores, which permits more uniform distribution of the

pores across the SEMs, and the intersection of pores during the creation process is prevented.
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Each SEM is a cube of dimension 300 um. The number of grains within the SEMs varies from
190-204. Linear tetrahedron elements (C3D4) are used in meshing. The global mesh size for each

SEM is prescribed as 3 um based on a sensitivity study reported in Ref. [66]. The number of nodes

across the SEMs range from 0.74 to 1 million and the number of elements span from 4.5 to 6.2

million.

X

Pores explicitly

modeled in the
microstructure

Figure 6.1 Fifteen statistically equivalent microstructures (SEMs) used as input to the crystal plasticity
simulations and subsequently the fatigue life predictions are shown. Twelve SEMs (shown with a
transparent view) contain pores indicated via black arrows and the other three (opaque view) are fully
dense. It should be noted that the two pores in SEM # 12 are not close to each other. Microstructures are
colored by unique grain IDs. The pore size details for each SEM are shown in Table 3.1.
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Table 6.1 The number of pores and the corresponding pore diameter for each SEM (shown in Figure 6.1)
are indicated. The number of pores in each SEM vary from 0 to 2 and the pore diameter varies from 10 to

40 pum,

SEM# | No. of pores | Pore diameter (um)
1 2 20 30
2 1 20 -
3 1 10 -
4 0 - -
5 2 30 10
6 2 10 10
7 1 40 -
8 1 30 -
9 1 20 -
10 0 - -
11 0 - -
12 2 40 30
13 2 30 30
14 2 20 30
15 1 10 -

6.1.2 Boundary conditions

Each SEM model is subjected to a stress-controlled cyclic loading with R; =0.01 and omax = 800
MPa for ten loading cycles until the saturation of the local plastic strain response. The loading
conditions are the same as that of the experimental fatigue testing. The average time to completion
for a CPFE simulation is about five days, while running on 160 processors in parallel. The

boundary conditions used in the CPFE simulations are shown in Figure 6.2. Normal displacements
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on the three adjacent orthogonal faces (as defined by X=0, Y=0, and Z=0) are constrained. Normal
stress is specified on the top face (Y=300 pum) of the microstructure. The other two faces of the
microstructure (X=300 pum, Z=300 um) are free from any constraints. In this work, the failure
modes due to crystallographic features and pores are primarily considered. The role of residual
stresses was not considered in the modeling activity since the samples underwent rigorous post-
processing resulting in significantly lower residual stress values as compared to macroscopic
loading conditions [86], moreover we could potentially expect relaxation of the initial residual
stresses with cyclic loading especially at non-zero mean stress (R =0) loading conditions [147].
Furthermore, the effect of surface roughness was not considered since the test coupons were

ground and polished [86].

Y
is specified 4 0, is specified

vy
THWTT)H‘MTT“

>

uy=0 uy=0

Figure 6.2 Finite element boundary conditions applied on the faces of the microstructure model used in
the CPFE simulations. uy is zero on the X=0 face, uy is zero on the Y=0 face, u; is zero on the Z=0 face,
oyy IS specified on the top face (Y=300 um), and the other two faces (X or Z=300 um) are unconstrained.

6.1.3 Fatigue metrics for location and life prediction

In this work, the fatigue metrics are used to obtain the likely location of fatigue crack initiation
and to predict the fatigue life. The metrics are chosen to be positive and monotonically increasing
with the number of loading cycles, to enable fatigue life prediction. The choice of metrics was
based on previous studies in literature, including Morrow [46], Fatemi and Socie [48], McDowell
and co-workers [56-61], Dunne and colleagues [65,68], and Bandyopadhyay et al. [148]. All of
the aforementioned studies have emphasized the importance of both plastic strain and local stresses
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in predicting the crack initiation events. Hence, in this work, we assess the fatigue life using
different metrics, most of which are formulated as a composite measure of plastic strain and local
stresses. Six candidate metrics have been formulated. To have a baseline comparison, one metric
is defined purely in terms of plastic strain, and the rest of the five metrics are a combination of

plastic strain and a measure of the local stress state.

The first metric is the plastic strain accumulation (PSA), which indicates the cumulative slip
calculated at an integration point due to the shear across all the individual slip systems [137,138].
Slip localization is well-known to be a precursor to crack initiation [39,139], and experimental
evidence suggests that PSA could potentially capture the location of crack initiation [64,65,68].

PSA is obtained as the integral of the double dot product of the plastic velocity gradient, Lp,

M1: PSA= [ [L,:L,dt

3PP 6.1)
The second metric is the cumulative plastic strain energy density (WP), which corresponds to the
dissipative energy due to plastic deformation. The relevance of the dissipative energy to fatigue
crack initiation has been shown in the works of Skelton [149] and Korsunsky et al. [150].

M2: WP = §o:L,dt

(6.2)
Where ¢ is the Cauchy stress tensor. The WP has accounted for the local stress in an implicit
manner. Since the Cauchy stress is a continuum level parameter, we consider the slip level stress
measures, namely, the maximum resolved shear stress (t,,.x) and a Dang Van type measure (Tax
+ oy,) [151] to formulate the next four fatigue metrics. t,,.x provides a measure of the maximum
shear stress at an integration point, out of the twelve slip systems.

Tmax = Max[o: (s* ® n%)]
o

(6.3)

The hydrostatic stress, o}, , influences the volume change at a material point and a tensile

hydrostatic stress is known to be conducive to crack formation and growth [151][152].
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trace (o)

R (6.4)

Taking inspiration from the classical multi-axial fatigue approaches [151,153], simple
combinations, namely the product and sum forms, are used. The third and fourth fatigue metrics

are obtained using the product of stress measures and PSA, as given by:

M3:  PSA * (Tpax + 0n)
(6.5)

M4:  PSA * Tyax
(6.6)

The fifth and sixth fatigue metrics are obtained by a linear combination of stresses and PSA. Since,
PSA and stresses have different units; they are first normalized and then added. The fifth and sixth

metrics are given by:

. PSA | Tmax
MS: (PSA) + (Tmax)

(6.7)

M6: PSA Tmax™ Oh
(PSA) ' (Tmaxt On)

(6.8)

Where (. ) denotes the maximum value of the given field quantity among all the integration points
within a given SEM at the last cycle analyzed. These six metrics will be used subsequently to
identify the location of failure within an SEM and predict the fatigue life of each SEM.
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6.1.4 Fatigue model calibration and prediction
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Figure 6.3 (a) Evolution of the plastic strain accumulation with fatigue loading cycles at an integration
point, (b) Change in plastic strain accumulation per cycle indicating local plastic shake down at
approximately ten cycles.

The evolution of the non-local averaged PSA, and the change in PSA per cycle until 25 loading
cycles are shown in Figures 6.3(a) and 6.3(b), respectively. From Figure 6.3(b), we observe that
the local plastic strain saturates after ten cycles, which means that there will be constant increments
of plastic strain after cycle ten. Similar behavior was observed for the other metrics as well. Based
upon the above observation, the value of any fatigue metric, after cycle ten, can be obtained from
linear extrapolation. Let ¢{ be the fatigue metric for the i microstructure, for a given approach (j

refers to the combination of the particular fatigue metric (M1-M6) and averaging scheme). The

value of q){ at N cycles (N >>10) is obtained as:

@D, = @D, + @D, * N (6.9)

where, (A¢{)|10 is the increment in cp{ from cycle nine to cycle ten.

Due to the inherent stochasticity of fatigue, life predictions require a non-deterministic approach.
Here, a series of i microstructures are randomly generated (yet their distributions of microstructural

attributes are statistically similar). The microstructure generation results in different neighboring
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grains in each SEM, thus adding a non-deterministic approach to lifetime prediction [4,5]. After
ten cycles of loading is applied to each SEM, through the CPFE simulation described in Section
3.2, the predicted location of the failure (or the hotspot) for a given SEM is identified as the element
ID (upon applying the regularization scheme) with the maximum value of the fatigue metric of
interest. Following hotspot identification, the fatigue prognosis of the set of the i SEMs is
performed as a two-step process: (i) calibration and (ii) life prediction. The calibration involves
estimating the critical value of a particular fatigue metric ¢/ across the distribution of SEMs
analyzed. Such a critical value is unique to a specific combination of the fatigue metric and
regularizing scheme, and is obtained as follows. The set of the cl){ form a distribution for the
evolution of the fatigue metric with increasing cycle numbers, N, using Eqgn. (6.9). The distribution
of extrapolated <|>{ (for i = 1 to 15 SEMSs) is obtained as a series of linear equations. The median
value of this distribution is set equal to the experimentally obtained median fatigue life, and used
to identify the critical value of the fatigue metric ¢/. With input from the calibration, the fatigue
life of the i SEM (Nsewm) for a given ¢/ is predicted using a rearranged form of Eqgn. (6.9), given

as:

oy
critical (q)l ) |10

@,

(@))]

(6.10)

SEM =

6.2 Results

The hotspots predicted by the non-local averaged, band averaged, and grain averaged values of
PSA (M1) are shown as white circles in the bottom row of Figure 6.4. The hotspot predicted by
the non-local averaged value of the PSA is near a pore, while both the band- and grain-averaged
values of PSA predict different hotspot locations. The non-local averaged PSA is able to capture
the localized effect near the pore as is expected due to the geometrical stress concentration,
whereas both the band- and grain- averaged PSA are unable to capture this behavior since both the
schemes homogenize the PSA over larger volumes, which makes the localization behavior
diminish. The grains corresponding to each hotspot are highlighted in green on the top row of
Figure 6.4 and are different for each averaging scheme. In each SEM, there is a distribution of the

grain sizes. The size of the averaging volume for the band- and the grain- averaging schemes are
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dependent on the size of the grain. Therefore, there is a significant variation in the number of
elements inside the averaging volumes (especially for the band- or grain- averaging schemes)
depending on the spatial location of the integration point, which possibly results in non-realistic
hotspot predictions. Furthermore, both the band- and grain- averaged values do not provide any
insight into the different modes of failure. Hence, for the above reasons, the non-local averaging

is considered as the appropriate scheme and is used in further analysis.

Fatigue crack

(a) . (b) initiating grain c)

Fatigue crack

initiating grain Cross-section plane

through the failure location 100 um

T

location of failure

0 0.0001 0.0002 0.0003 0.0004
— | D —
Plastic strain accumulation

Figure 6.4 The top row shows the fatigue crack initiating grains (highlighted in green) and the
corresponding X-Z cross-section through the failure location, and the bottom row shows the physical
location of failure on the X-Z plane as predicted by the: (a) non-local averaged values, (b) band-averaged
values, and (c) grain-averaged values of plastic strain accumulation (M1).
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Figure 6.5 Fatigue life predictions of IN718 using the non-local averaged values of the metrics (a) M1,
(b) M2, (c) M3, (d) M4, (e) M5, and (f) M6.
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Figure 6.6 Different modes of failure (including the failure at a pore, free surface, and near a grain/twin
boundary in the bulk) along with the SEM IDs overlaid on the fatigue life plot obtained using non-local
averaged values of the metrics (a) M1, (b) M2, (¢) M3, (d) M4, (e) M5, and (f) M6.
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Figure 6.7 Two additional analyses are performed to understand the role of the simulation volume and the
boundary conditions on the fatigue life estimation. In the first analysis, 30 microstructures having four
distinct volumes are created and utilized to perform CPFE simulations and, subsequently, the fatigue life
predictions. One large model (d) is obtained by inserting twins into the parent microstructure (a) and the
remaining 29 microstructures, as shown in ((e)-(g)), are obtained by first segmenting the parent
microstructure (a) equally in divisions of four, nine, and sixteen, respectively, and inserting twins in each
resulting volume segment. Traction-free BCs (as in Figure 6.2) is used in each of the 30 simulations. In
analysis 11, no additional CPFE simulations are performed. The micromechanical fields (h) from the
CPFE simulation of the model (d) are segmented equally in divisions of four, nine, and sixteen to obtain
29 sub-volumes and fatigue life estimation is performed for each sub-volume. Each sub-volume will have
unique microstructural constraints (or BCs) based on the location of the sub-domain in the model (d).

The fatigue scatter predictions using the non-local averaged values of the six fatigue metrics are
shown in Figure 6.5. The fatigue lives were calculated using the method described in Section 3.5.
The fatigue lives from the experiments are within the ranges of lives calculated from the six metrics
from the CPFE simulations indicating that all of the six metrics perform reasonably well in
capturing the range of the fatigue life. Moreover, the slope of the lognormal distribution (i.e. the
scatter) is well captured by all of the metrics, albeit there are differences at the extreme values of
the distribution.

The modes of failure (corresponding to each point in Figure 6.5) are shown in Figure 6.6. A mode
of failure is identified and labeled as per the spatial location of the predicted hotspot for each SEM.
There are three different modes of failure, labeled as (a) GB/bulk, indicating that the hotspot is in
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the subsurface and in the vicinity of a grain/twin boundary, or a triple/quad junction, (b) pore,
depicting that the hotspot is near a pore, and (c) free surface, representing that the hotspot element
is touching any of the free surfaces (namely, X=300 um or Z=300 um) in an SEM. Alongside the
failure mode, the corresponding SEM is also shown in Figure 6.6.

The predictions of scatter in fatigue lives, thus far, were performed using a simulation volume of
300%300%300 pm?®, which is lesser than the actual volume of the gauge section of the sample
(1000*300*1000 pm?) used in fatigue testing. With the increase in the simulation volume, the
number of grains inside the microstructure would increase, which can potentially alter the
maximum values of the fatigue metrics due to the grain interactions and in turn, the fatigue lives.
Second, traction-free boundary conditions (as discussed in Section 3.2), were used for every SEM
to calculate the scatter in fatigue lives (Figure 6.5). Hence, it is important to critically assess the
effect of both the simulation volume and boundary constraints on the life predictions. To this end,

two additional sets of analyses were performed.

The first analysis is designed to understand the effect of the simulation volume on the fatigue life
predictions. In the first analysis, CPFE simulations and fatigue life estimation of 30 different
microstructures (Figure 6.7(d)-(g)) having four distinct simulation volumes (the largest
microstructure (Figure 6.7(d)) has a volume close to the gauge volume of the test specimen) were
carried out with the traction-free BCs, as in Figure 6.2. All the 30 microstructures (Figure 6.7(d)-
(9)) were created from a single parent microstructure (Figure 6.7(a)), which consists of no twins
and has a dimension of 900*300*900 um?3. The first microstructure (Figure 6.7(d)) is created by
inserting twins into the parent microstructure. The remaining 29 models are obtained by
segmenting the parent microstructure equally in divisions of four (Figure 6.7(¢)), nine (Figure
6.7(f)), and sixteen (Figure 6.7(g)), respectively, and inserting twins in each of the segments
independently. The creation process mentioned above associates each of the 30 microstructures
to the parent microstructure, analogous to sampling smaller populations of the microstructure. The
dimensions of each model in Figure 6.7 (e), (f), and (g) is 450*300%450 um?, 300¥300*300 pm?®,
225%*300%225 um?, respectively. The number of grains in model (d) is 1423, and the number of
grains varies from 313-559 in model (e), 147-265 in model (f), and 84-160 in model (g). All the
30 models thus created are statistically representative in terms of microstructural attributes while
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the microstructures in Figure 6.7(g) do not necessarily possess equivalent strength characteristics,

therefore, are not considered SEMs.

The second analysis is set-up to investigate the role of the microstructural constraints on the life
estimation. In this analysis, while no additional simulations were carried out, the micromechanical
fields (Figure 6.7(h)) obtained from the CPFE simulation of the largest model (Figure 6.7(d)) are
utilized to perform life calculations. In this work, a sub-volume (Figure 6.7(i)) is defined as a sub-
set of the meshed model mapped with the micromechanical fields (Figure 6.7(h)). Multiple sub-
volumes having three distinct volumes are sampled and fatigue life for each sub-volume is
estimated. Such sampling will capture the realistic microstructure constraints associated with the
sub-volumes and its effect on the resulting fatigue life. The micromechanical fields (Figure 6.7(h))
are segmented equally in divisions of four, nine, and sixteen, to obtain 29 sub-volumes of
dimensions 450*300%450 pum?®, 300*300*300 pm?®, and 225%300%225 um?3, respectively. The
process in the first analysis is shown in the first row of Figure 6.7, while the second analysis is

depicted in the last row of Figure 6.7.

The fatigue lives for both the analyses are obtained using the non-local averaged PSA (M1) and
are shown in Figure 6.8 and Figure 6.9, respectively. The critical value of PSA (as per Egn. (6.9))
is estimated using the microstructure in Figure 6.7(d). Moreover, a lognormal reference line is
plotted for identically sized microstructures and sub-volumes in Figure 6.8 and Figure 6.9.
Furthermore, the fatigue lives at a probability of 0.001 is obtained for both analyses via
extrapolation and is shown in the table in the inset of Figure 6.8 and Figure 6.9. In these analyses,
we are more interested in the slope of the lognormal distribution (i.e. the scatter) as a function of
simulation volumes. From Figure 6.6, it could be seen that the pores do alter the minimum fatigue
life but do not significantly change the slope of the distribution. For this reason, for the above two

size analyses, pores were not inserted in the microstructures.
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Figure 6.8 Fatigue life prediction using non-local averaged values of PSA for Analysis I. The critical
value of PSA is obtained from the largest microstructure (900*300*900 pum?). The table shows the
minimum life (corresponding to a probability of 0.001) for each microstructure set (having identical
simulation volume) obtained by extrapolation.

6.3 Discussion

In this work, a phenomenological crystal plasticity model is used which is a length-scale
independent model, due to computational efficiency considerations compared to strain gradient
models. However, the usage of the non-local averaging scheme in the post-processing of the
mesoscale fields indirectly leads to the inclusion of a local length-scale dependence to the field
values, since the regularizing scheme accounts for the nearest neighbors in the calculations. From
Figure 6.4, it has been shown that the non-local averaging scheme preserves the microstructural
heterogeneity and localization behavior as compared with the band- and grain- averaging schemes,

which is consistent with the findings reported in Ref. [64].
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The scatter in the fatigue lives is caused by the inherent variability in the material microstructure,
namely the grain sizes, morphologies, and orientations, grain boundary character distribution, and
pore sizes and locations [4,5]. Each SEM under consideration (Figure 6.1) has a unique
arrangement of grains and pores. Although the macroscopic loading conditions are the same, the
microstructural variability results in different spatial distributions of the mesoscale field quantities
among the SEMs and different maximum values of the associated fatigue metrics causing the
scatter in fatigue lives, as shown in Figure 6.5. The fatigue life predictions from the six fatigue
metrics are in good agreement with the experimental data. A detailed assessment of the modes of

failure is necessary to understand the performance of the metrics as compared to one another.
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Figure 6.9 Fatigue life prediction using non-local averaged values of PSA for Analysis Il. The critical
value of PSA is obtained from the largest microstructure (900*300*900 um?). The table shows the
minimum life (corresponding to a probability of 0.001) for each sub-volume set obtained by
extrapolation.

The predicted modes of failure, namely, the free surfaces, a grain/twin boundary in the bulk, and

a pore, are mechanistically relevant to fatigue crack initiation and subsequent small crack
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propagation. At a free surface, there is less constraint to plastic flow because of the traction free
condition, which causes glide of dislocations potentially resulting in the formation of surface
extrusions and subsequent crack initiation [154,155]. At a grain/twin boundary in the bulk,
dislocations can pile up resulting in the increase of the local stress concentration, leading to a crack
[156,157]. A pore is a geometrical discontinuity, which causes a local stress concentration and has
less constraint to plastic flow, due to the lack of material, causing the pore to be a potential crack
initiator depending on the size, location, and proximity to an adjacent pore or free surface [66].
The six metrics considered in this study can potentially capture all three modes of failure.

Four pores (from SEMs 1, 7, 12, and 14) are consistently being identified as the failure mode by
all six metrics, as seen from Figure 6.6. The metrics M3 and M6 identify additional pores as failure
modes as compared to the other four metrics. There is an inherent bias towards the pores by the
metrics formulated from t,,,,x+0y. This is possibly due to the reason that these are stress-enhanced
metrics made of two different stress quantities and hence, have a significant influence on the
geometric stress concentration of the pores. In a statistical sense, they also predict less free surface
failures (< 50%), while in experiments, a significant percentage of failures are from the free surface.
Additionally, the metrics, M5 and M6, result in non-conservative scatter predictions as compared
to the scatter predicted by the remaining four metrics (Figure 6.6). For the above reasons, the
metrics M3, M5, and M6, are considered less significant as compared to the remaining three
metrics. Out of the remaining three metrics, M1 and M3 will be assessed here. The modes of
failure predicted by M1 and M3 are identical for each SEM under consideration, as shown in
Figure 6.6. The correlation between the metrics mentioned above is because of the coupling
between the resolved shear stress and the shear strains at a slip system level, as shown in the flow
rule expression, and potentially, a single slip-system is more dominant than others. This
observation is consistent with the results reported in the references [62-64]. Since these two
metrics are tightly correlated, one of them, M1, is considered for further analysis.

Between the predictions using M1 and M2, there is a very slight difference in the modes of failure
as observed from Figure 6.6. For SEM10, M1 predicts the failure mode to be at the GB in the bulk
of the specimen, while M2 predicts failure at the free surface. A closer look at the hotspot element
predicted by M2 reveals that the location of failure corresponds to that of the intersection between

a grain boundary and a free surface. Such failure instances were also observed experimentally in
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the prior works [68,93]. However, for this exception, both results from M1 and M2 estimate ~50%
of failures at a free surface, which correlates in a statistical sense to post mortem fractography
results, where we observed a higher number of failures at free surfaces. While the modes of failures
are similar, a detailed analysis of the hotspot elements revealed that the predictions by M1 and M2
are the same for eight of the SEMs but are different for the other seven SEMs. Unlike M3, M2
considers the contribution of the entire Cauchy stress tensor; hence takes into account the multi-
axial effects at a spatial location within the SEM, which potentially causes a difference in the
location of failure prediction as compared to M1. However, it should be noted that hotspot
elements as predicted by M1 in the non-conforming cases also have extreme values of the M2

(>99.999th percentile) although not exhibiting the maximum value.

The post mortem fractography has indicated that none of the samples showed a pore-mediated
failure, out of the eight samples analyzed (Figure 3.4), while we see ~25% failures from pores
using the fatigue metrics, M1 or M2 (Figure 6.6). This discrepancy is expected and is due to the
stochasticity in the insertion of pores in the microstructures (Section 3.1). First, the pore sizes are
sampled from the tails of the distribution (>98th percentile) obtained from the uXSCT
characterization, making the pores more favorable to fail in simulations as compared to the
experiments. Second, the microstructure surrounding the pore has a strong influence in governing
the failure between the pore and other modes [66], which is not the same in simulations and
experiments. The pore-driven failure cases seen in the simulations have provided additional
insights as discussed and do not affect the key takeaways of the present work.

The use of microstructures with reduced volumes (as compared to the test specimen or components)
iSs a common practice in the crystal plasticity modeling community, mainly due to the
computational cost involved in simulating large microstructures. For example, the CPFE
simulation of the largest microstructure (Figure 6.7(d)) takes ~12x times longer to complete the
simulation as compared to the 300*300*%300 um?® SEMs (Figure 6.1). In this work, we have
systematically varied the simulation volumes (Figure 6.7) and obtained the fatigue lives as shown
in Figure 6.8. The median fatigue life of the largest microstructure (Figure 6.7(d)) is 54707, which
corresponds to the median experimental life, because the calibration for the critical value of the
failure metric was performed with the largest microstructure. From Figure 6.8, the median fatigue
lives of the microstructures in Figure 6.7 (e), (f), and (g) are 40049, 36721, and 31238, respectively,
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which means that the median lives are increasing with increase in the simulation volume, which is
quite contrary to the weakest link theory [4]. This discrepancy is potentially due to the use of the
traction-free boundary conditions used in all the 30 microstructure in Analysis | (Figure 6.7). As
the size of the microstructure decreases, the number of grains within the microstructure decreases,
which in turn causes a larger percentage of grains in the simulation volume to be adjacent to one
of the free surfaces, causing the deformation to be accommodated more at the surface than at the
bulk. The effect of traction-free BCs becomes very pronounced in the smallest microstructures
(Figure 6.7(g)), which possess fewer grains in the bulk of the material. Out of the sixteen
microstructures of the smallest volume simulated, fourteen exhibited free-surface mediated
failures. Moreover, a significant scatter, and a non-uniform slope is observed for the smallest sized
microstructures (225*300*%225 pum?®) from Figure 6.8, which could be attributed to this size
microstructure not containing a sufficient number of grains to represent the strength characteristics
of the material (i.e. not constituting an SEM), which potentially caused a significant variation in
the resulting maximum values of the PSA. Hence, the smallest sized microstructures with traction-
free BCs are not suitable to obtain consistent results in fatigue scatter. The slope of the lognormal
distribution obtained from the microstructures of sizes, 300*300*300 pum? and 450*300*450 um?
is reasonably uniform and correlates well with the experimental slope. Overall, the results in
Figures 11 indicate a complex interaction between the simulation volume and the BCs in governing

the scatter in fatigue lives.

In order to decouple the size of the domain used for life predictions and the corresponding
boundary conditions, an additional analysis (Analysis Il) used the resulting micromechanical fields
from the largest CPFE simulation for subsequent predicted lifetime assessment. The
micromechanical fields from the 900*300*900 um?® (Figure 6.7(h)) were segmented into different
sub-volumes. Each sub-volume will experience a unique set of surrounding constraints based on
its spatial location in the largest microstructure. For each sub-domain in the maximum value of the
PSA value was obtained through a non-local regularization scheme to assess the predicted fatigue
life, as shown in Figure 6.9. The median lives for sub-volumes of sizes, 450*%300*450 um?,
300%300*300 pum?3, 225*300*225 um? are 71274, 72109, 76277, which indicates that the median
lives are decreasing with increase in the volume, which is consistent with the weakest link theory
and reported in Ref. [4]. The maximum value of PSA among a set of identically sized sub-volumes

will correspond to the maximum PSA value of the entire microstructure (Figure 6.7(h)). This could
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be seen in Figure 6.9, where the minimum fatigue lives for different sub-volume sets exhibit the
same value (align along the y-axis). By definition, a weakest link model will result in lower lives
for larger simulation volumes, which can be problematic when comparing CPFE simulations to
components are multiple length scales greater in size. It can be seen that this phenomenon starts
to saturate in the results shown. Moreover, in Analysis I, the introduction of a relatively larger of
percentage of grains subjected to free surfaces (and thereby traction free surfaces) result in more
likely locations of failure and therefore lower fatigue lives. It should be noted that pre-determining
the realistic microstructural constraints for the CPFE simulations of SEMs is challenging, and
additional work is needed to ascertain appropriate simulation volumes and boundary conditions
for comparison of CPFE results to specimen and component level data. Albeit, given the
significant percentage of fatigue failures occurring at the free surfaces, traction-free BCs on SEMs
for input into CPFE is a suitable choice to deduce the mode of failure.

The optimal simulation volume of the microstructure (or the number of grains in the microstructure)
with the use of traction-free BCs is the one that can accurately capture the slope of the experimental
fatigue life distribution. From Figure 6.8, the microstructures of size 450*%300*450 um?
(containing 445 grains on average) seem to be the most optimal out of the simulations conducted
in this study. However, models of size 300*300*300 um? (containing 192 grains on average) are
reasonable except for an outlier in the plot. The deviation could be potentially due to fewer grains
(149) in that particular microstructure. Moreover, the models of size 300*300*300 pm?® are
computationally tractable as compared to the microstructures of size 450*300*450 um?, which
takes ~3x more computational time to complete these simulations as compared to the former. For
safe-life design methodologies, which are based on determining the statistically minimum fatigue
life, the life to failure at a probability of 0.001 (or BO.1 life) is estimated by extrapolation of the
data points [40-42]. The BO0.1 lives were predicted and are shown in the inset of Figure 6.8. The
minimum lives for the microstructures 450*300*450 pm? and 300*300*300 um? are very close to
each other, which also confirms the optimality of the microstructure of size 300*300*300 pm?.
From the above results, it is concluded that a minimum of ~200 grains are potentially sufficient
within the polycrystalline aggregate to obtain reliable estimates of fatigue lives using CPFE
simulations. It is emphasized that the above analyses were performed for a microstructure with an

equiaxed grain structure and random texture.
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The crystal plasticity-based fatigue lifing framework could be used to generate a substantial
amount of fatigue life data to obtain the minimum statistical life for the safe-life approach, thus
reducing the overall experiments needed to be conducted. A physically-based model as the one
used in this work can significantly reduce the time and cost in the current qualification procedures
[158], especially for AM materials, which involves significant uncertainty in the fatigue
performance and also enables a simulation-based design framework moving away from

empiricism.

6.4 Conclusions

In the present work, six fatigue metrics from microstructure-sensitive crystal plasticity finite
element simulations were used to assess the fatigue behavior of an additively manufactured
material. Additional CPFE simulations were performed to understand the role of the simulation
volume and microstructure constraints in the resulting fatigue scatter predictions. The key points

are summarized below:

e The non-local averaging technique is used to mitigate the spurious effects of distorted
elements in the SEMs, while also associating a length-scale to the mesoscale metric under
consideration. It is also shown to preserve the localization of the mechanical fields caused
by the heterogeneous deformation when compared to the band- and grain-averaging
schemes.

e Six fatigue metrics are used, one is plastic strain-based, and the rest of the five metrics
are a composite measure of plastic strain, and local stress state. All six metrics predict the
scatter in fatigue life with reasonable accuracy as compared to the experimental fatigue
data.

e The metrics containing the stress term, t,,.x+ 0, (M4 and M6), exhibited a bias towards
the pore-mediated failures. The hotspot predictions by PSA (M1) and Wr (M2) showed a
larger number of surface-mediated failures, which agrees with observations from post
mortem fractography results. The hotspot elements predicted by M1 and M2 were
different in some of the cases, however, the hotspot elements predicted by M1 were
found to have extreme values (>99.999th percentile) of M2 although not exhibiting the

maximum value.
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e The prediction of scatter in fatigue lives is significantly dependent on both the choice of
the simulation volume and the microstructure constraints. The minimum number of
grains within the polycrystalline aggregate to obtain reliable estimates of fatigue lives
were estimated to be ~200 grains with the use of the traction-free boundary conditions,
although additional size studies are necessary to use these CPFE simulations within a
fatigue prognosis framework.

e The crystal plasticity-based fatigue lifing framework is potentially beneficial in realizing
the safe-life design with significant reduction in the experiments to identify the statistical

minimum fatigue life, and accelerating the material qualification process.
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7. VALIDATING THE MICROSTRUCTURE-SENSITIVE FATIGUE
CRACK INITIATION USING CRYSTAL PLASTICITY
SIMULATIONS AND HIGH-ENERGY X-RAY EXPERIMENTS

In this chapter, high-fidelity CPFE models are created with different twin instantiations, using
multi-modal data sets including the 3D microstructure map (from NF-HEDM), porosity
information (from pCT), accurate boundary conditions (from FF-HEDM), and representative twin
distributions (from EBSD). These models are then used to validate the location of fatigue crack
initiation as observed from YUCT and to understand the role of twins on the influence of local
micromechanical fields and crack initiation. The remainder of the chapter is organized as follows.
Section 7.1 details the simulation framework including the constitutive model description. Results
and discussion are presented in Sections 7.2 and 5, respectively. Lastly, the conclusions of this
work are given in Section 7.4. The results and analysis provided in this chapter have been published
in the Ref. [159].

7.1 Simulation setup

7.1.1 Microstructural model creation

The grain- and pore- maps obtained from high-energy X-ray experiments, and the statistical twin
information obtained via EBSD analysis are utilized to instantiate three models (with different
twin instantiations) as input to the CPFE simulations and subsequent failure location analysis.
Hexahedral elements are used for model, as the mesh can be directly generated from the voxel-
based microstructures. A mesh size of 6 um is chosen for this study, which ensures that there will
be ~ 4000 elements per grain in the FE model, which is sufficient to capture the intragranular
heterogeneous deformation for subsequent failure predictions [160] and also makes the CPFE

simulations computationally tractable.

Three voxel-based simulation volumes, each of dimension 978 x 978 x 798 um were created to
represent the gauge section of the fatigue test specimen (Figure 7.1(a)). Each voxel in the
simulation was then mapped with either the grain information (including identification number

(ID) and orientation) or a pore ID. The first volume does not consist of any twins while the second
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and third volume are instantiated with twins. Each volume could be divided into three partitions
as per the z-plane, namely, the ROI at the center of the simulation and the padding regions on both
ends of the ROI (Figure 7.1(b)). Each padding region has a height of 222 pm and the ROI at the
center is 354 pum tall. The mapping of information to the unassigned voxels of the simulation

volumes are described in the forthcoming paragraphs.

First, the resolution of the initial grain map obtained from NF-HEDM was coarsened to 6 X 6 X 6
um using DREAM.3D [115] and three different variants (Figure 7.1(e)-(g)) were created by
including the pores and segmenting the twins. It should be noted that the pCT porosity data has a
fine resolution (1.17 um) as compared to the working resolution of 6 um. By volume equivalence,
one voxel in the post-processed NF-HEDM grain map corresponds to 135 voxels in the uCT
dataset. The mapping process of pores from uCT data to post-processed NF-HEDM grain map is
as follows. For each voxel, say P, in the post-processed NF-HEDM grain map, 135 voxels (nearest
to the centroidal position of P) are identified in the pCT dataset. If more than 40% of the voxels
(out of 135) in the uCT data represent an intensity value that is associated with the threshold of a
pore, then the P™" voxel is labeled as a pore in the variant model. The threshold value of 40% was
determined by a sensitivity analysis. The first microstructure variant, without annealing twins, is
shown in Figure 7.1(e). The second and the third microstructure variants are both created by first
segmenting twins in the post-processed NF-HEDM followed by the mapping of pores (using the
same procedure outlined above). The segmentation of the twins is performed as per the procedure
outlined in Ref. [114], which ensures that the twins inserted match the EBSD characterization data
in a statistical sense. Moreover, the twin segmentation process is random in nature and hence, the
second and third microstructure variants have different instantiation of twins, as shown in Figures
2(f), and (g), respectively. The three microstructure variants were respectively mapped (on a voxel
to voxel basis) to the ROI of the three simulation volumes (Figure 7.1(b)).
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Figure 7.1(a) The general construction of the microstructure model for use in CPFE simulations, (b) the
partitions in the microstructure model, namely, the ROI (opaque view) and the padding regions
(transparent view), (c) the plane of failure observed from the experiment and the pores explicitly modeled
inside the ROI, (d) the magnified view of the surface pore where the experimental crack initiated, and the
ROI of the: (e) microstructural model without twins, (f) microstructural model with twins (Instantiation
), and (g) microstructural model with twins (Instantiation 11). All the three microstructural models have
the same padding regions.

Second, the FF-HEDM data is used to map the voxels in the padding regions (Figure 7.1(b)) of the
simulation volumes. The padding regions are additional volumes of the material included in the
simulation domain primarily for the application of the boundary conditions (BCs). The addition of
these regions effectively shifts the boundary faces vertically (on which the loading is applied)
farther from the ROI. The inclusion of the padding regions thus eliminates any spurious effects on
the results obtained in the ROI, caused due to the BCs, as per the Saint-Venant’s principle. For
each simulation volume, the information in the top and bottom z-faces of the ROI region is
extended in the respective directions to the length of seven voxels (i.e. 42 um) to provide a smooth
transition in the microstructural features between the ROI and the padding regions. Each
unassigned voxel in the top- (618 pum <z <978 um) and bottom- (0 <z < 180 um) padding regions
is mapped to the nearest grain centroid obtained from the FF-HEDM data. The assignment

procedure outlined here closely follows the references [94,95], which results in a Voronoi
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representation for the remaining volume (composed of unassigned voxels in the padding regions).
In order to avoid any sudden transitions between the ROI and padding regions, a grain boundary
smoothing algorithm, as described in Ref. [98], is employed only for the grains within the padding
regions without disturbing the structure of the ROI region. Lastly, the voxel-based simulation
volumes are converted to a hexahedron mesh (C3D8 elements) using DREAM.3D, and the

elements labelled as pores were deleted from the FE mesh.

7.1.2 Loading and boundary conditions
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Figure 7.2(a) The grain averaged stresses in the loading direction (c2,) at the minimum load point as
obtained from FF-HEDM data over a length of 3 mm in the specimen. The bounds within the green lines
represent the height considered for microstructure model creation including the ROl and padding regions
(Figure 7.1). The gradient in stress distribution along x signifies the existence of a slight bending moment,

and the boundary conditions used in the CPFE simulations during the loading step shown on the (b) 3D
microstructure and (c) the 2D x-z plane. The bottom z face is fixed and a combined bending and axial
stress is applied on the top z face.

It is important to accurately capture the loading state of the specimen from the experiment to aid
in comparisons with the CPFE simulation results. To this end, the grain-averaged stress data in the
loading direction (oz;) obtained from the FF-HEDM (at cycle 21), as shown in Figure 7.2(a), is
analyzed. The oz, plot obtained at the minimum load point indicates a stress gradient along the x-
axis, which is due to the existence of a slight bending moment about y-axis (Figure 7.2). The

resultant bending moment (Myy) is calculated using the following equation:
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My, = ﬂ. X 0,,dx dy (1)

Myy was obtained to be 30 N-mm. Following this analysis, the stress due to bending was calculated

as

Obending = —Myy x/1y @

where, X is the x-coordinate of a given voxel centroid, lyy is the area moment of inertia about the

y-axis.
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Figure 7.3 Evolution of the grain-averaged stresses in the loading direction (6zz ) with loading cycles
obtained from FF-HEDM experiments corresponding to (a) the first part of the experiment ((a)-(f)) (b) the
second part of the experiment ((g)-(n)). Stress at cycle 0 corresponds to the residual state and for cycles 1

— 59K, the stress is obtained at the peak loading point of the cycle.
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As mentioned in Section 363.5, the maximum applied axial stress (o,,4x) 1S 800 MPa. The effective
applied stress on the specimen at the maximum loading point is the addition of the o, and
Opending COMpoONeNts, as shown in Figure 7.2(b,c). The prediction of the most probable location

of crack initiation is based on the maximum values of the fatigue metrics, which constitute the
local stress tensor and the accumulated slip. Hence, the choice of loading cycles for the CPFE
simulations relies on the spatial evolution of stress and accumulated slip. To this end, the spatial
evolution of grain-averaged o2, with the loading cycles obtained from FF-HEDM, as shown in
Figure 7.3, is analyzed. It should be noted that the loading conditions of the test specimen were
obtained based on the FF-HEDM data acquired during the second part of the experiment. From
the o, plots corresponding to cycles 21 — 59K (Figure 7.3), the spatial heterogeneity of the stress
distribution is preserved with the loading cycles although there were minor variations in the
magnitude of stress values. For the grain of interest (where the crack initiated), the maximum
variation of stress with the loading cycles was less than 8%, indicating that there was no significant
evolution of the stress values. When there is no stress redistribution with the loading cycles, the
spatial heterogeneity of the accumulated slip is also preserved with the loading cycles [161]. Based
on the above observations and the computational costs, each simulation volume is subjected to one
loading cycle with the effective stress values. One CPFE simulation takes ~ 15 days to be

completed when run on 300 processors in parallel.

7.2 Results

From the experimental analysis, the fatigue crack nucleated near a pore located at a free surface
from the pCT data. Crack initiation is strongly related to a high degree of heterogeneity in the
deformation caused by the irreversible dislocation motion with cyclic loading [39]. FF-HEDM
provides essential information to quantify the deformation heterogeneity via gradients in the elastic
strain and local lattice misorientations [162,163], which could be used to obtain insights into
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Figure 7.4 Histogram of the averaged full width (FW) in n coordinate at (a) 20 cycles and (b) 59000
cycles, and in 26 coordinate at (c) 20 cycles and (d) 59K cycles obtained from FF-HEDM experiments
within the ROI region and with the grain of interest marked by a red star.
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Figure 7.5 Evolution of the (a) full width (FW) in directions n and 26, and (b) diffraction spot
corresponding to the (111) plane for the grain of interest with respect to the applied loading cycles.

deformation and failure of the polycrystalline material. The aforementioned gradient measures
could be obtained by quantifying the changes in the shape of a diffraction spot as outlined in [164],
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assuming that the background noise and distortions with respect to the point spread function on
the detector remain constant. The full width (FW) values of the distribution in the radial (20) and
azimuthal (1) coordinates provide information on the grain-averaged- intragranular elastic strain
heterogeneity and intragranular misorientation. To improve the ability to capture vital information
corresponding to minute changes within a grain, which can manifest as faint spreads in the 26 and
n directions, the extent of the full width has been reported instead of commonly reported full width
at half maximum (FWHM) spreads. In Figure 7.4, the histograms of the FW (averaged over the
four spots corresponding to the most active slip plane, i.e. the (111)) in 20 and n coordinates for
all the grains within the ROI is shown. Moreover, the value of the FW for the crack-initiated grain
is marked in the histogram. The crack initiating grain displays high values of the FW in both the
20 and n directions, although the crack initiating grain does not correspond to the maximum value.
One of the primary reasons for this observation is that the grain-averaged information is not
sufficient, in and of itself, to probe the micro-crack nucleation event, which is a highly-localized
intragranular event for coarse grain material, without large notches or inclusions present. In
addition, the evolution of the FW values in 20 and n coordinates for the crack initiating grain with
cyclic loading is shown in Figure 7.5. We do not see a significant evolution in the FW values
(Figure 6) potentially due to the reason that the macroscopic loading is in the HCF regime, which
means there is micro plasticity within the microstructure, occurring at the sub-grain level. The
experimentally derived grain-scale metrics are important to understand the heterogeneous
deformation; however, these metrics are not sufficient to pinpoint the underlying mechanisms of
crack initiation. The limitation of the grain-scale resolution in the X-ray experiments could be
overcome by the use of the experimentally informed CPFE simulations, which offers a higher

resolution (voxel by voxel) representation of the micromechanical fields.
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Figure 7.7 Comparison of (a) grain maps via an inverse pole figure (IPF) representation, (b) plastic strain
accumulation (PSA), (c) plastic strain energy density (WP), and (d) stress in the loading direction (o2),
among the three models.
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Three CPFE models (with different twin instantiations) were reconstructed using the experimental
data to represent the fatigue test specimen. Moreover, the realistic boundary conditions were
captured using the stress data obtained from FF-HEDM. A slight bending moment was observed
due impart to the small gauge section of the sample and tight tolerance in manufacturing the sample.
This bending moment was taken into account in the model by applying appropriate boundary
conditions. As an initial verification step, the grain-averaged stress values in the loading direction
obtained from the FF-HEDM and CPFE simulations are compared, as shown in Figure 7.6. The
grain-averaged stress plots from the experiment and the models look similar, implying that CPFE
model (including the BCs and CP parameters) was appropriate. One CPFE simulation was
performed without accounting for the bending moment, the details are provided in Appendix A.
After building confidence in capturing the grain-scale stress distributions, the CPFE model is used
to predict the potential failure locations and assess the fatigue model’s predictive capability.

To identify the likely locations of failure, surrogate measures calculated from CPFE simulations
are most commonly used. In this work, two metrics are chosen from a previous study by the authors
to investigate crack initiation [146]. The first metric is the plastic strain accumulation (PSA)
[137,138], which is the cumulative slip measure with contributions from each active slip system

’2
PSA=f ZLy:Lydt
3P (7.1)

The second metric is the cumulative plastic strain energy density (WP), which corresponds to the

and is defined as

dissipative energy due to plastic deformation [148-150]. It is defined as

WP = fa: L,dt
(7.2)

where, a is the Cauchy stress tensor.
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The PSA, WP, and o2z obtained from the CPFE simulations of the three models are compared in
Figure 7.7. The figure indicates differences in the spatial distribution of the respective mesoscale
fields among the three models associated with the local microstructural heterogeneity due to the

different twin instantiations among the three models.

The most likely location of failure (or the hotspot) for each model was identified using the
maximum value of the metrics, PSA and W”. Hence, two hotspots are obtained per model. For
Model 1, the hotspot determined by the PSA metric is obtained at the point indicated as Xg and
the hotspot predicted by the W” metric is located at X, as shown in Figure 7.8. Location Xg is
adjacent to a grain boundary with a misorientation of ~ 46° and a free surface, and Xc is adjacent
to a grain boundary with a misorientation of ~ 54° and at a pore. For Models 2 and 3 (i.e. with
statistical twin insertion), both the metrics, PSA and WP, predicted location Xa as the hotspot
(Figure 7.8). Xa is at a surface-connected pore and happens to be the actual crack location as

observed from the experiment.

To understand the reason for the shift in the predicted failure locations (to Xa) after twin insertion,
a thorough quantitative analysis of the failure metrics at Xa, Xg, and Xc is performed. From Table
7.1, the PSA at Xg significantly decreases in Models 2 and 3, this describes the shift as per the
PSA predictive metric. In Models 2 and 3, the value of WP, decreases at Xc and increases at Xa,
which explains the shift in the failure location to Xa as per WP. The detailed analysis regarding the
failure predictions from various models and the role of twins on the influence of the local

micromechanical fields are explained in the next section.
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Figure 7.8(a) x-y slices of interest with their respective z position from the bottom face, and the failure
locations from the CPFE simulations of the three models predicted using (b) the plastic strain
accumulation metric and (c) the plastic strain energy density metric. Slices D and E are referenced in the

Appendix (Figure Al).
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Figure 7.9 Cumulative distribution plots of (a) plastic strain accumulation and (b) plastic strain energy
density within the ROI of Model 1 with the failure locations Xa, Xg, and Xc overlaid.
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7.3 Discussion

In this study, we link the CPFE model and the high-energy X-ray experiments at a grain-scale to
validate the predicted location of microstructure-sensitive fatigue crack initiation using the fatigue
metrics, namely, PSA and WP. Moreover, the integrated framework is used to investigate the
microstructural rationale behind the crack initiation and understand the role of twins on the local

micromechanical fields and crack initiation.

Table 7.1 The values of the metrics, PSA, and WP at points of interest (Xa, Xg, and Xc) obtained for each

model.
_ Micromechanic
Location _ Model 1 Model 2 | Model 3
al fields
PSA 0.0071 0.0079 0.0072
Xa
WP (MJ/m?3) 5.3776 6.3252 5.6386
PSA 0.0088 0.0013 0.0017
Xs
WP (MJ/m3) 5.1638 0.7542 0.8971
PSA 0.0060 0.0045 0.0045
Xc
WP (MJ/m3) 5.9391 5.0094 3.7796
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Table 7.2 The stress components at the location Xg obtained for each model.

Stress
Model 1 | Model 2 | Model 3
components

(MPa)
Oxx -109.25 2.60 45.83
Oyy 241.38 122.33 169.80
Oz7 1159.80 930.54 974.91
Oxy 37.17 21.35 71.00
Oxz 108.32 8.30 -48.71
Oyz 166.99 -57.28 -216.54

Model 1 Model 3

11

A

001 101

0.005
[

(b) PSA

(c) WP (MJ/m?)

(d) 0,, (MPa)

Figure 7.10(a) The inverse pole figure map (IPF) of the grain slice containing the point Xa along with the
nearest neighbors from each model, and the corresponding micromechanical fields obtained from each
simulation: (b) plastic strain accumulation (PSA), (c) plastic strain energy density (WP), and (d) stress in
the loading direction (o).

From the experimental characterization, the fatigue crack initiates near a surface-connected pore
on the test specimen, which is consistent with the experimental findings reported in prior studies

[9,165]. The mechanistic reasons for the crack initiation could potentially be due to the following:
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(i) pores act as stress concentrator points, and in particular, a pore close to the surface is more
detrimental than a pore at the bulk [66,165], and (ii) free surface facilitates glide of dislocations
due to the traction free boundary condition leading to accommodation of more plastic deformation
[166].

From Figure 7.8, the predictions for the locations of failure as per the PSA and WP metrics using
Model 1 (i.e. the microstructure without twins) do not coincide with the actual location of failure.
However, the failure predictions using Models 2 and 3 (i.e. the microstructures with twins) have
provided an unambiguous one-to-one match of the location of crack initiation with the extreme
values of the failure metrics. It is clear that the insertion of twins have improved the accuracy of
the predicted location of failure; however, to understand how significantly twins have altered the
micromechanical field values at Xa, the cumulative probability of PSA and WP within the ROI of
Model 1 are assessed, as shown in Figure 7.9. The value of the PSA metric at Xa is at the 99.998"
percentile and the value of WP metric at Xa is the fourth highest value. Hence, the values of both
the failure metrics belong to the extreme tails of the distribution, albeit they do not correspond to

the highest value of each metric.
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Figure 7.11(a) The inverse pole figure map (IPF) of the grain slice containing the point Xg along with the
nearest neighbors from each model, and the corresponding micromechanical fields obtained from each
simulation: (b) plastic strain accumulation (PSA), (c) plastic strain energy density (WP), and (d) stress in
the loading direction (o).

After twin insertion, there is an increase in the values of both failure metrics at Xa, while at the
locations Xg and Xc, there is a decrease in the values of the failure metrics (Table 7.1). To
understand the role of twins in general, the location Xg is chosen for further analysis, since at Xs
there was a drastic decrease of the failure metrics. To this end, more fundamental quantities such
as the local stress tensor and the individual slip system activity are obtained at Xg from all the

models. From Table 7.2, the insertion of twins have resulted in changes to the entire stress tensor.
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Some of the stress components (oxx, 6yz) have changed their sign. The change in the stress tensor
is due to the elastic and plastic incompatibilities induced by the twin boundaries. A similar

observation was also made by Peralta et al. [90] via analytical studies. A slip system, a, is

considered active if the quantity |%| > 1. From the analysis, it was found that the insertion of the

twins have changed the slip system activity in Models 2 and 3. In Model 1, the slip systems
(111)[110] and (111)[011] were active. In Model 2, the slip systems (111)[110] and
(111)[101] were active, and in Model 3, only the slip system (111)[110] was active. This is due
to the change of the local stress state. The spatial comparison of PSA and WP at the locations of
interest (Xa, Xg, and Xc) for the three models are shown in Figures 7.10-7.12, respectively, which
illustrates the role of twins on the local micromechanical fields. We are able to validate the location
of failure despite the lack of deterministic knowledge of the twin placement within Models 2 and
3. In summary, twins can be favorable to fatigue life by providing a strengthening mechanism to
the material without resulting in substantial loss of ductility, but twins can also be a likely location

for crack initiation, once a persistent slip band has formed [55].
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Figure 7.12(a) The inverse pole figure map (IPF) of the grain slice containing the point Xc along with the
nearest neighbors from each model, and the corresponding micromechanical fields obtained from each
simulation: (b) plastic strain accumulation (PSA), (c) plastic strain energy density (WP), and (d) stress in
the loading direction (o).

The validation study performed in this work builds confidence in assessing the fatigue crack-
initiation using the failure metrics, namely PSA, and WP, obtained via crystal plasticity simulations.
The current qualification procedures require extensive experimental testing, which is both time
and cost intensive [3]. A validated microstructure-sensitive failure model, such as the one shown
in this work, provides a pathway to perform a suite of virtual experiments under different loading
conditions, thus reducing a significant number of physical testing. This study is a step forward in

realizing a microstructural sensitive model-based accelerated qualification approach.

108



7.4 Conclusions

In this work, we create three CPFE models (with different twin instantiations) informed from the
multi-modal characterization data obtained from NF-HEDM, FF-HEDM, uCT, and EBSD. These
models are subsequently used to perform validation studies with respect to the location of crack
initiation and to understand the role of twins on crack initiation. The key findings of this study are

summarized below:

e From the pCT analysis, the fatigue crack was found to initiate at a surface-connected
pore.

e The predicted locations of failure using microstructure without twins do not coincide with
the actual location of failure, while the probabilistic insertion of twins (i.e. in Models 2
and 3) have resulted in an exact correlation for the location of crack initiation with the
extreme values of the failure metrics, namely, PSA and WP,

e The insertion of twins within the model cause changes in the local stress tensor and the
slip system activity, which in turn influences the calculated values of the fatigue metrics.
There is no uniform correlation between the twin insertion and the resulting failure

metrics.
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8. CONCLUSIONS AND FUTURE WORK

8.1 Conclusions

The overall objective of this dissertation was to supplement the understanding of various aspects
of the fatigue response of an additively manufactured alloy as a function of material microstructure
and defects with the use of both predictive crystal plasticity modeling and experiments. To realize
this objective, first a suite of tools necessary to perform crystal plasticity simulations is developed.
The toolset includes: (a) an automated framework to create and mesh 3D statistically equivalent
microstructures based on the information of the microstructural attributes (grain size data, twin
fraction, and texture) obtained from electron backscatter diffraction, (b) a genetic algorithm based
framework to estimate the material parameters using the macroscopic stress-strain response, and
(c) a regularization scheme to mitigate the spurious effects of the distorted elements inherent to
the meshing process and report consistent results. Using this toolset, four studies were performed

as a part of this dissertation:

8.1.1 Estimation of critical porosity characteristics

o Pores were explicitly added to the microstructural instantiations by systematically varying
the location, size and proximity between pores. With damage indicator parameters obtained
from the crystal plasticity simulations, the likely locations of failure were assessed and
classified as pore-mediated and crystallographic features-induced.

o The major finding of this study is the estimation of the characteristics such as the pore size
and proximity (to an adjacent pore or free surface) that led to the occurrence of only pore-
mediated failures.

o This work potentially influences decisions in process parameter optimization, and choice

of non-destructive characterization methods.

8.1.2 Examining metrics for fatigue life prediction

o Multiple metrics based on plastic strain and local stress were used to predict the locations

of failure relative to the microstructural features and were compared to the fractography
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8.1.3

8.14

results. Two of the metrics, plastic strain accumulation and plastic strain energy density,
correlated well in a statistical sense with the fractography experiments.

The same set of metrics were used to obtain the scatter in the fatigue life due to
microstructural variability and compared with the experimental scatter data. The scatter
predictions from all metrics agreed well with the experiments.

The highlight of this study is the identification of appropriate fatigue metrics in the fatigue
prognosis of additively manufactured materials.

Role of simulation volume and microstructural constraints on life predictions

Two sets of analyses were performed in this study. In the first analysis, the microstructure
is segmented into smaller sized microstructures, with each microstructure used as an input
for the CPFE simulation and the associated fatigue life predictions. While in the second
analysis, the large simulation volume is used as input into the CPFE simulation and the
resulting micromechanical fields are segmented for use in fatigue prognosis (effectively
changing the boundary conditions to account for the neighboring microstructural
constraints).

The major finding of this study is two-fold: (i) it was shown that the fatigue life prediction
is governed by a complex interaction between the simulation volume and the boundary
conditions, and (ii) with the use of traction free boundary conditions, the minimum number
of grains in the microstructural instantiation to reliably predict the scatter in fatigue life ~
200 grains. These findings provide informed guidelines for the fatigue prognosis using

reduced simulation volumes.

Validation of microstructure-sensitive fatigue crack initiation using crystal plasticity
simulations and high-energy X-ray experiments

3D microstructural models, with various twin distributions, were developed based on high-
energy X-ray experiments, specifically grain and pore maps, as well as appropriate
boundary conditions. These CPFE models were used to probe the fatigue crack initiation
of IN718 produced via additive manufacturing, thus evaluating the predictive capabilities
of the CPFE model.
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o The results indicated an unambiguous one to one correlation for the location of crack

initiation with the extreme values of the failure metrics, namely, plastic strain accumulation
and the plastic strain energy density, thus building confidence in the usage of crystal
plasticity models for the fatigue assessment.

Overall, the four studies in this dissertation provide a promising step towards the realization of

using a suite of virtual experiments to complement and reduce the number of full-scale physical

testing, thereby resulting in a microstructural sensitive model-based accelerated qualification of a

material for use in safety-critical applications.

8.2 Future work

Based on the research studies performed in this dissertation, here is a list of potential problems for

the future work:

In Chapter 4, the generation of 3D mesh for the polycrystalline microstructure involves
multiple tools and the distortion of few elements is unavoidable due to the current
workflow procedure that ensures a smooth topology to the grain boundaries. This
limitation could be addressed by the development of a robust meshing routine to obtain
high quality elements as well as provisions for localized meshing near the grain boundaries.
In Chapter 5, a CPFE framework was used to study the role of porosity towards the crack
initiation behavior of IN718. The same framework could be used to include additional
defect structures such as inclusions and surface roughness, and study the synergetic effects
of all the defect structures on the fatigue behavior of IN718.

In Chapter 5, the critical pore characteristics (in terms of the pore size and clustering) were
estimated for a specific average grain size. As changes in the process parameters leads to
changes in the average grain size, the current estimate may not be valid. However, the
CPFE framework proposed in Chapter 5 could be used to obtain the estimates of critical
porosity characteristics as a function of the average grain size.

In Chapter 6, it was shown that CPFE simulations of large microstructures (close to the

size of the specimen’s gauge section) is computationally intensive. The development of
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more efficient solvers will provide opportunities for gaining mechanistic insights into
failure at a specimen scale.

In Chapter 7, the validation efforts were performed corresponding to a single mode of
failure (i.e. at a surface-connected pore). This study could be further enhanced by
performing validation studies corresponding to multiple modes of failure by using the
methods described in Chapter 7.
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APPENDIX A. PREDICTING LOCATION OF FAILURE USING
UNIAXIAL BOUNDARY CONDITIONS

500 ym

Slice D

Slice E

1

A 0 00005 0001 O 0.4 0.8
001 101 — l — - ’ _
(a) IPF (b) PSA (c) WP (MJ/m?3)

Figure Al(a) An inverse pole figure (IPF) representation of the predicted planes of failure (slices D and
E) using Model 3 with uniaxial loading conditions, (b) the plastic strain accumulation plot, and (c) plastic
strain energy density plot of the slices D and E, with the respective locations of failure encircled. Location

XD is predicted by PSA and XE by Wp.

The prediction of microstructure-sensitive fatigue crack initiation in the CPFE modeling
community is commonly carried out using the application of simplified boundary conditions (BCs).
This is mainly due to the difficulty in obtaining the exact BCs, assumptions that the specimen is
perfectly aligned, or limitations in the size of the simulation volume. However, in this study,
HEDM experiments were used to extract the stresses in grains adjacent to the volume of interest,

thereby providing the BCs to apply to the simulation. These BCs were used for failure predictions
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as discussed in earlier Sections. This data also provides an opportunity to study the role of BCs
towards the prediction of fatigue crack initiation. To this end, one CPFE simulation was performed
using Model 3 by the application of simple uniaxial loading conditions, which was achieved by
setting the dpenqing COMpONeNt to zero as described in Section 3.2. The model was subjected to
one loading cycle with a maximum stress of omax at R=0, and subsequently the likely locations of
failure were predicted using the metrics, PSA, and WP, The predicted hotspots as per the metrics,
PSA and WP, were obtained to be Xp and Xg, respectively, as shown in Figure Al. The z
coordinates of slices D and E (Figure Al) relative to the simulation volume is given in Figure 7.8.
Location XD is situated at a grain boundary near the free surface and XE is located sub-surface at
the intersection of a pore and a twin boundary. It was previously shown that Model 3, when
subjected to the experimentally determined loading conditions (tension and slight bending),
predicted Xa as the location of failure, which was the experimentally observed location of failure.
Thus, by not accounting for the slight bending moment (Figure 3) in the current simulation, we
observe a shift in the predicted locations of failure.
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