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SUMMARY

Additive manufacturing (AM) techniques provide the opportunity to simultaneously
design new materials and components with complex structures in less time,
enabling faster material developments. Even though compositionally similar, the
texture of the materials produced by such techniques is significantly different
from conventionally manufactured materials. Additively manufactured materials
produces highly heterogeneous microstructure within a single build. Such
variations in the microstructure make qualifying AM products challenging
for extreme environment applications. Understanding the AM process and its
influence on the materials’ microstructures/properties is paramount for evaluating

the workability and performance of the manufactured materials.

The performance of AM materials for advanced nuclear reactor applications is
of interest to the Advanced Materials and Manufacturing Technologies (AMMT)
program under the Department of Energy Office of Nuclear Energy. Hence,
considering the microstructural variabilities in the AM products and their impact
on the performance of the material, it is important to correlate the process
conditions to the final product and establish a process-structure-property-
performance (PSPP) correlation for AM materials. Conventionally, in-situ and
ex-situ characterizations and testing are performed to correlate different aspects
of the AM process to the final product and its performance. However, adopting
a trial-and-error approach to experimentally evaluate the vast range of process
parameters required to capture the microstructural variabilities is cost-prohibitive.
Modeling and simulation provide a comparatively inexpensive way to understand

and correlate the microstructural evolution to the processing conditions.

The melting and subsequent solidification that occurs during the AM process
is a complex phenomenon that requires multiscale multiphysics analysis.
Idaho National Laboratory’s (INL) Multiphysics Object-Oriented Simulation
Environment (MOOSE), specifically the MOOSE Application Library for Advanced
Manufacturing UTilitiEs (MALAMUTE) software, provides an ideal platform for
developing the multiphysics multiscale model to explore the intricacies of the
microstructural evolution during the AM processes within a single framework.
Furthermore, given that such full-fidelity simulations can be computationally
intensive, reduced order models are necessary to explore the PSPP space for AM

materials in an efficient, reliable, and cost-effective way.

The AMMT program aims to demonstrate its new accelerated development and
qualification methods via laser powder bed fusion 316 stainless steel to aid the

understanding of the the process variabilities on its performance under nuclear
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environments. Here, we lay the foundation to integrate multiscale mechanistic
models with machine learning approaches for additively manufactured 316L
stainless steel. We utilize and extend the existing capabilities of MOOSE and
MALAMUTE to develop a multiscale model that can couple different physical
aspects of the AM process in a modular way. This year, the necessary modeling
capabilities and the computational frameworks are developed with an ultimate
goal of establishing the PSPP correlation for AM. A multiphysics multiscale
model is developed using level-set and Arbitrary Lagrangian Eulerian (ALE)
approach to demonstrate the melt pool dynamics during the laser powder
bed fusion method. A phase-field-based microstructural evolution model is
developed to capture the solidification and epitaxial grain growth under moving
heat source in 316L SS. The model demonstrates the elongated grain formation
and Cr segregation observed in typical additively manufactured SS materials.
Furthermore, various machine learning models are developed to simplify the
outputs of the physics-based models and represent them with a simplified
surrogate model. A genetic programming-based symbolic regression model is
developed to correlate the process conditions to the cooling rate of the work-piece.
In addition, a Proper Orthogonal Decomposition based dimensionality reduction
workflow and a multi-output Gaussian processes model has been implemented in
the Multiphysics Object-Oriented Simulation Environment (MOOSE). For initial
verification, the models have been tested for efficiently predicting the temperature
distribution surrounding the melt pool.

This work can capture the microstructural variabilities that are often missing in
the part-scale models. In fiscal year 2023, several unique modeling capabilities
have been developed and tested to capture material evolution during the AM
process. In the following years, MALAMUTE will be used to connect different
aspects of the models and quantitatively predict the microstructural evolution. The
developed ML-based surrogate model will consider the process conditions as the
input to predict the microstructural features in a cost-effective way. Furthermore,
with uncertainty quantification a synergistic framework will be established to
demonstrate active learning for material evolution during AM. Additionally, the
generated microstructures can be used by other work packages under AMMT
to evaluate the properties and environmental response of the material at the
mesoscale. Thus, this work help identify the key microstructural features that are
significant in property/performance prediction of the AM products. This work
will provide inputs to the large-scale process variability models to reevaluate and
validate assumptions/simplifications made in the part-scale models. Furthermore,
through active learning this work will help identify the data need from both
modeling and experimental sides for development of a robust digital twin for AM.

v



ACKNOWLEDGEMENTS

This report has been funded by the Advanced Materials and Manufacturing
Technologies (AMMT) program within the U.S. Department of Energy Office of
Nuclear Energy. This research made use of the resources of the High Performance
Computing Center at Idaho National Laboratory, which is supported by the Office
of Nuclear Energy of the U.S. Department of Energy and the Nuclear Science
User Facilities under Contract No. DE-AC07-05ID14517. This manuscript has
been authored by Battelle Energy Alliance, LLC under Contract No. DE-AC07-
051D14517.



Page intentionally left blank

vi



CONTENTS

SUMMARY ..o iii
ACKNOWLEDGEMENTS ... v
1 INtrodUction ... 1
2 PSPP requirements for 316 SS ... ... 3
2.1 Effect of laser pOWer........o.oiiiiiii 3
2.2 Effect of scanning speed ... 5
2.3 Summary and outlook ... 12

3 Physics-based Models ... 15
3.1 AMProcess Models. ..o 15
311 LevelSetModel ..... ..o 16

312 ALEModel ... ..o 18

3.2 Microstructural Evolution Model ..............oo 22
321 Model Formulation .............cooiiiiiiiiiii 22

3.3 Incorporating 316L cOompoOnents ..............ooiiiiiiiii i 25
3.3.1 Model Verification ............cooiiiiiiiiiii 26

3.3.2 Grain growth under a moving heat source ......................o 27

4 Machine Learning Models ... 30
4.1 Genetic Programming Based Symbolic Regression....................ooooii 31
4.2 Proper Orthogonal Decomposition ... 34
42T TREOTY ..ot 34

422 Implementationdetails................ooi 36

42.3 Verification using polynomial regression....................ociiiii 37

424 Application to the Rosenthal temperature field .........................ool. 39

4.3  Multi Output Gaussian Process.............ccoooiiiiiiiiiiiiiiiii 42
431 TREOTY ..ot 42

43.2 Hyper-parameter optimization using AdamW...................... 44

43.3 Implementation in MOOSE Stochastic Tools Module ............................. 46

434 Application to Rosenthal temperature field prediction (MOGPs + POD) ....... 46

5 ConClUSION ... 50
REFERENCES ... 51

vii



Figure

Figure

Figure

Figure

Figure

Figure

Figure

Figure

Figure
Figure
Figure

Figure

Figure

Figure

Figure
Figure
Figure
Figure
Figure
Figure

FIGURES

1. Simchi study on densification factor, D, versus specific energy input, ¥, of various
ferrous alloys and M2 high-speed steel [1]. .................... 6
2. Examination of the effects on microstructure of 316L SS from Liu et al. [2]. EBSD
orientation maps (a, b), inverse pole figures (c, d), and grain boundaries (e, f)
for samples fabricated with scanning speeds of 800 mm/s (a, ¢, and e) and 1000

mm/s (b, d, and ). .....oooiii e 7
3. Left: diagram of sampling areas. Right: Fe/Cr ratios for sampling areas
(corresponding to the left) in cladding area as a function of scanning speed [3]. .... 8

4. Left: diagram of cladding zone (CZ) used in hardness study. Right:
microhardness of CZ versus distance along the axis on the left due to different

scanning speeds [3].........c.ooiiii 9
5. Microstructure of single-pass cladding layer: (a) diagram, (b) observation surface
1, (c) observation surface 2, (d) observation surface 3 [3]. .........ccooevviiiiiiiin... 10

6. EBSD diagram for 316L SS samples. Left: orientation triangle. Right: EBSD
orientations for a) cast, b) HIP-densified, ¢) SLM-densified, d) SLM+HIP-
densified samples [4]...........oooiii 11

7. Material properties as a function of processing: cast, HIP-densified, SLM-
densified in the horizontal direction, SLM-densified in the vertical direction,
SLM+HIP-densified samples [4]. ..........cooiiiiiiiiii 11

8. Microstructure of the top and side surfaces of the samples studied by
Promoppatum et al. [5]. The energy densities vary as follows in units of
J/mm3 and by location: a) 24.6, side surface; b) 49.1, side surface, c) 73.7, side

surface, d) 24.6, top surface, e) 49.1, top surface, f) 73.7, top surface. .................. 13
9. Surface contours of single scanning lines at a fixed velocity of 1357 mm/s for
varying laser powers as studied by Promoppatum etal. [5]............................. 14
10. Schematic of the multiscale modeling components for establishing the PSPP
correlation for AM ... ... 15
11. Modeling powder deposition profile (top) and fluid flow in the melt pool
(bottom) using the level-set approach in MALAMUTE [6] ...................ool. 18

12. Visualization of just the top surface of the melt pool after a half and full rotation
of the laser. Solid coloring is based on the temperature ranging from 300 K (dark
blue) at the bottom of the domain (not shown here) to 3200 K (dark red) at the
center of the laser spot. Arrow vectors are based on the material velocity vector.
Arrow lengths are based on the velocity magnitude and are scaled 10 x larger for
viewing purposes for the half-rotation compared to the full rotation. ................. 19

13.2-D melt pool simulation using a mixed finite volume-finite element scheme.
Arrows represent scaled velocity vectors. Solid coloring is based on the

temperature. Times in arbitrary units are: 100, 150, 200, 250, 275, and 300............. 21
14. (a) Fe-Cr phase diagram (b) Gibbs free energy at different temperatures, c)

parabolic fit. ... ... 26
15. Spinodal decomposition of the Fe-rich and Cr-rich phases at 500 K temperature ... 27
16. Chromium segregation under thermal gradient ..............................L 27
17. Evolution of the grain boundaries and Cr segregation under a moving heat source 28
18. Epitaxial grain growth under moving heat source...............................L 29
19. Epitaxial grain growth of a larger domain ....................oo 29
20. Schematic of the ML modeling framework ....................... 30

viii



Figure
Figure
Figure
Figure
Figure
Figure

Figure

Figure

Figure

Figure

21. Temperature histories from the training data. ........................... 32
22. Training data obtained from the physics-based melt pool simulations. ............... 32
23. Pareto front plot (evolution process) ..............cooiiiiiiiiiiiiiii 33
24. The error of the converged equation. ...................oo 33

25.The two POD modes obtained from the one-dimensional verification example.
The first mode (black) corresponds to a singular value of 121.4, while the second

mode corresponds to a singular value of 17.1................ooi 38
26. The decay of the normalized singular values obtained by the SVD of the snapshot

matrix created using the Rosenthal temperature fields............................o 40
27.The first three (from top to bottom) POD modes of the Rosenthal temperature

field with the varying input parameters. ..................oco 41

28. (a) The explained variance ratio as a function of the principal component index
and (b) the cumulative explained variance ratio as a function of the principal
component index for the temperature spatial distribution........................... ... 47
29.Loss function evolution of the MOGP with the optimization iterations. It is
observed that as the number of iterations increase, the loss function is reduced to
an almost constant value, representing the tuning of the MOGP hyper-parameters. 48
30.(a) and (b) MOGP mean predictions; (c) and (d) MOGP predictive standard
deviations; and (e) and (f) the “true” solution of the temperature distribution for
two testing points. (a), (c), and (e) correspond to testing point 1. (b), (d), and (f)
correspond to testing point 2. .......... ... 49

iX



Table 1.
Table 2.
Table 3.

Table 4.

TABLES

Notations for the melt pool simulations......................oc 17
Hyper parameters settings for GPSR ... 31
The distribution of the input parameters used for the stochastic evaluation of the
Rosenthal eXpression. ...........ccoiiiiiiiiiii 39
A summary of the vectors and matrices used in MOGPs with their sizes. N is the
number of inputs and M is the number of outputs for each input....................... 44



ALE
MALAMUTE

MOOSE

PETSc

POD
STM

ACRONYMS

Arbitrary Lagrangian Eulerian

MOOSE Application Library for Advanced
Manufacturing UTilitiEs

Multiphysics Object-Oriented Simulation
Environment

Portable Extensible Toolkit for Scientific
Computation

Proper Orthogonal Decomposition

Stochastic Tools Module

x1i



Page intentionally left blank

xii



1. Introduction

In recent years, additive manufacturing (AM) techniques have gained significant interest
across government agencies and nuclear industries due to their ability to produce complex
structures in a shorter time, facilitating faster material developments. These techniques have the
potential to change the paradigm of new material and component designs for nuclear applications,
such as producing new alloys and graded materials, as well as innovative component designs
for advanced nuclear reactors [7]. Advanced materials and manufacturing technologies (AMMT)
program under the Department of Energy (DOE) Office of Nuclear Energy (NE) aims to accelerate
the development and qualification of AM materials for nuclear applications. Several work
packages under the program focuses on how the AM products perform under extreme thermal
and irradiation conditions. However, an understanding of the initial microstructure to begin
with is pivotal to evaluate the performance of the material and eventually qualify it for advanced
nuclear reactors.

The key challenge AM techniques face is controlling process conditions to obtain desired
microstructures and properties for targeted applications. AM also faces the issue of reproducibility
due to microstructural and property variation across, as well as within, builds. For example,
depending on the build direction, the texture of the AM sample could be very heterogeneous,
leading to extremely anisotropic strength and deformation behavior [8-10]. Compared to
traditional manufacturing techniques, qualifying AM products for extreme environments
becomes challenging due to such morphology variations from build to build and even within a
single build [11]. This is especially true for novel material development for nuclear applications.
It is therefore of utmost importance to understand the microstructural evolution during the
manufacturing process and optimize the process parameters to design materials with the desired
microstructures and properties.

Various experimental and computational efforts have been devoted to establishing a process-
structure-property-performance (PSPP) relation for various AM processes. Experimentally, in-situ
observations and ex-situ characterizations and testing have been performed to correlate different
aspects of the AM process to the final product and its performance. For example, recently, the
effects of processing parameters on the solidification textures were evaluated and an attempt
was made to control texture during the electron beam melting process [4]. However, adopting a
trial-and-error approach to experimentally evaluate the process parameters required for texture
control is expensive. Modeling and simulation provide a cost-effective way to understand
and correlate the microstructural evolution to the processing conditions. The melting and
subsequent solidification that occurs during the AM process is a complex phenomenon that
requires multiscale multiphysics analysis. Several macroscopic studies have been done to capture
the heat and fluid flow during various AM processes as well as part-scale component modeling
[12]. However, physics-based microstructural analysis of the material undergoing the process is
limited [13]. Specifically, physics-based models to predict the microstructural evolution including

grain formation and chemical segregation during AM processes are currently lacking in the



literature. Moreover, so far, the modeling efforts have been focused on developing and utilizing
different tools to simulate different aspects of the AM process. These efforts are disjointed and
rarely can be utilized in conjunction with each other to explore the vast PSPP space. Alternatively,
considering that full-fidelity multiphysics models are computationally expensive, surrogate
models have emerged that again depend on the availability and quality of experimental data and
are limited in terms of the underlying physics they capture [14, 15].

Idaho National Laboratory’s (INL) Multiphysics Object-Oriented Simulation Environment
(MOOSE), specifically the MOOSE Application Library for Advanced Manufacturing UTilitiEs
(MALAMUTE) software, provides an ideal platform for developing the multiphysics multiscale
model to explore the intricacies of the microstructural evolution during the AM processes within
a single framework. This work package aims to develop a MOOSE-based multiscale model that
can couple different physical aspects of the AM process in a modular way. Here, we utilize and
extend the existing capabilities of MOOSE and MALAMUTE to capture different aspects of the
AM process. The physics-based process models captures the evolution of the melt pool. The
microstructural evolution model captures the epitaxial grain growth under a moving heat source
and associated chemical segregation in 316L stainless steel (SS). Furthermore, a machine learning
(ML) framework is developed using MOOSE-based Stochastic Tool Module (STM) to generate a
reduced-order surrogate model for correlating the process parameters to the final microstructure.
In fiscal year 2023, the primary focus has been on developing the initial frameworks and models
necessary for connecting the process conditions to the grain structure formed during the AM
process.

The rest of the report is organized as follows. In Section 2 we present a short literature review
to evaluate the role of various process parameters on the material behavior. This is done to identify
the key parameters and conditions that the computational model developments should focus on.
In Section 3.1 we present the process modeling capabilities of MALAMUTE and development of
a phase-field model for capturing the associated grain growth and microsegregation in 316 SS.
Finally, Section 4 presents the machine learning models necessary for deriving the reduced order
models.



2. PSPP requirements for 316 SS

There are two broad categories of technologies in AM: laser powder bed fusion (LPBF) and
directed energy deposition (DED), also known as beam deposition (BD) [16]. LPBF and DED
are different yet complimentary processes, each with pros and cons. During both the process,
the target material is heated to create a melt pool which solidifies to build a designed part. The
primary difference between LPBF and DED is the source of the added material. LPBF creates
a manufactured product by heating a powder bed in layers where a new layer of powder is
continuously spread to the target, whereas the added material for DED is typically supplied in
the form of a wire or powder which is then heated and deposited on the material surface. Several
advantages of DED over LPBF include better static and dynamic properties of the manufactured
material in the as-deposited condition versus PBF-deposited parts, high deposition rates, larger
part sizes, a higher technology readiness level (TRL), and larger particle sizes which improves
cost and safety. Some disadvantages of DED versus LPBF include a lower-dimensional resolution
with larger waviness on the surface, higher surface roughness in blown powder systems, the
requirement of post-fabrication machining, and lower powder efficiency and powder recyclability
especially when using a composite powder mixture [17].

In AM, process parameters are those inputs that influence and control the amount and
rate of energy deposited to the work piece to build a new component. This typically results
in distinguished material composition and properties leading to nonuniform distribution of
elements and composition of the material, and anisotropic grain characteristics such as size,
shape, and distribution, etc. [1]. Hence, AM requires optimizing process parameters to produce
specific material microstructures with the goal of achieving the desired material properties of the
final manufactured product. Several of these desirable material properties include the material
density, porosity, yield strength, tensile strength, resilience to radiation damage, etc., which are
chosen depending on the application for the material. In the remainder of this section, a review of
PSPP for the additive manufacturing of various metals and alloys, with particular emphases on
stainless steels (SS), is given. The primary processing parameters considered are laser power and
laser scanning speeds, and their effects on the structure and material properties of SS produced
through AM are examined.

2.1 Effect of laser power

Laser power, P, has a direct effect on the amount of energy deposited to a surface or powder
during the melting process. TherenergyrdensityrQicanberrelateditortherlaserpowerlaserbeam
spot size d, scanning speed v, and coupling efficiency # [1],

nn P
Q= Ui
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The fraction of overlap between two laser passes is defined as,
d

where h is the scan line spacing. The energy delivered per volume for each laser track Q for a
single layer of powder with thickness w is then calculated as,

- 7P
Q= 4how

)

Simchi [1] defined the specific energy input ¥ as the total energy per volume delivered to each

trackiinvthersample. This is defined as,
p

V=5 4)

Simchi confirmed by experiments that porosity decreasesinvariousisamplesiasienergyinput
increases duertoreitherhigherlaseripower Prorloweriscanitatero. In general, parts produced
using LPBF result in different mechanical properties along various directions. This was shown in
Inconel 718 samples examined by Amato et. al [18] to be a result of the anisotropic arrangement of
the dendritic microstructure observed in the components. A higher laser energy density via slower
scan speed, smaller hatch spacing, smaller layer thickness, and higher laser power produced
improved densification in various ferrous metal powders [1]. Miranda et al. [19] also confirmed
that higher laser power results generally in higher density, better microhardness, and higher
strength. Li et al. [2] found that atomized 316L SS powder has a smoother molten surface and
higher density given that there is a higher laser power and thinner layer thickness used in the
process. Kong et al. [20] found that 316L SS formed with higher laser powers showed improved
elongation, corrosion resistance, and biocompatibility.

However, some studies demonstrate that there can be a deleterious effect to using excessively
high laser powers. While higher energy density generally results in lower porosity, a study of
316L SS by Wang et al. [21] showed that higher laser energy density can result in undercooling
of the melt pool and an increase in grain size as well as primary dendrite spacing. Wang et al.
concluded that there is a critical value below which increasing energy density results in an increase
in microhardness and above which the microhardness decreases. This study found that too low
of an energy density resulted in higher porosity, and rough surface quality of the samples. These
results support the caveat that the appropriate energy density must be applied to each material to
produce the desired material properties. The study by Choong et al. [22] showed that very high
laser power deteriorates the mechanical properties of material samples due to vaporization of the
molten material.

Simchi [1] also confirmed that smaller mean particle size and shorter scan length resulted in
higher densification. The densification and microstructural evolution of AM parts with various
powders including combinations of iron, copper, carbon, and phosphorous, as well as 316L SS and
M2 high-speed steel were examined in that study. A simple sintering model was created based on
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a first-order kinetics model for the change in void fraction, €, according to time,

de

gz—k x € (5)

where k' is the sintering rate and where the change in void fraction has its lower and upper
boundaries €, < € < €, where €, is the void fraction of the powder bed before sintering and

€, is the minimum attained porosity in the sintered part. The densification factor, D, is defined as,

_ (€ - €b>
D= (e —e) ©)

This was used to relate densification to specific energy input,
In(1—D) = —Ky )

where K is the “densification coefficient” where powder melting occurs. A higher K coefficient,
and hence a corresponding sharper positive slope on a —In (1 — D) versus ¢ plot, indicates that
there is less densification during the process. Figurenlnshowsithercomparisonrofiexperiments
reported by Simchi as compared to this theory which shows excellent agreement. The results
demonstrate that the densification is strongly correlated to the materials as well as to the specific
energyrinput: The M2 high-speed steel had the highest densification coefficient of 28.3 which
showed that this powder did not densify significantly after sintering. Adding 4 wt.% copper to
the iron sample decreased the densification coefficient from 18.1 to 11.9, demonstrating that copper
content has a significant effect on densification compared to pure iron. SS 316L with a calculated
K=12.6 showed higher densification as compared to the other ferrous alloys tested in that study
with the exception of the Fe-4Cu alloy having a comparable densification.

2.2 Effect of scanning speed

Here we present the effect of scanning speeds on various metals. According to a study of
316L SS by Simmons et al. [23], scanning speeds above the point of a critical value resulted in
a degradation in mechanical properties due to excessive porosity in the material. Liu et al. [2]
varied both scanning speeds and laser power between 800 to 1,000 mm/s and 185 to 245 W,
respectively to capture the effects on microstructure of as fabricated 316L SS. Figure 2 shows
electron backscatter diffraction (EBSD) maps (a and b in the figure), inverse pole figures (c and d
in the figure), and grain boundary information (e and f in the figure) for samples fabricated using
scanning speeds of 800 mm/s (a, ¢, and e in the figure) and 1000 mm/s (b, d, and f in the figure).
The study showed that scanning speed had an effect on the melting pool boundaries, residual
pores, solidification cells, nano-inclusions, grain size, and distributions in the sample material.
The ultimate tensile strength (UTS) decreased slightly with an increase in energy density due to
higher laser power and/or lower scanning speeds. An ultimate tensile strength of 707 MPa was
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Figure 1: Simchi study on densification factor, D, versus specific energy input, ¥, of various
ferrous alloys and M2 high-speed steel [1].



achieved at the higher 1000 mm/s scanning speed while maintaining good ductility with a total

elongation of 30 percent. This higherultimate tensile strength'was attributed to the finer cellular
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Figure 2: Examination of the effects on microstructure of 316L SS from Liu et al. [2]. EBSD
orientation maps (a, b), inverse pole figures (c, d), and grain boundaries (e, f) for samples
fabricated with scanning speeds of 800 mm/s (a, ¢, and e) and 1000 mm/s (b, d, and f).

A study by Chai et al. [3] was done to attempt to form 304 SS powder coating samples through
laser additive manufacturing (LAM) using 2.5 kW laser power and scanning speeds ranging
from 4 to 16 mm/s. Figure 3 shows a diagram of the sampling areas in the sample used in the
determination of the iron-to-chromium (or Fe/Cr) ratios in the material. These results in the study
show that the dilution rate and Fe/Cr ratio generally decreased in the cladding zone (CZ), heat
affected zone (HAZ), and dilution zone (DZ) with increasing scan speed. The grain growth was
also shown to be oriented toward the building direction of the cladding layer. It was also found
that increasing the scanning speed caused crystal spacing of columnar crystals in the middle and
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bottom layer to decrease gradually from 13.3 to 9.2 microns.
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Figure 3: Left: diagram of sampling areas. Right: Fe/Cr ratios for sampling areas (corresponding
to the left) in cladding area as a function of scanning speed [3].

Figure 4 shows the results of a study of the CZ microhardness as a function of scanning speed.
It was determined based on these results that the hardness of the CZ gradually increased with
scanning speed. This effect is due to the correlation between hardness and the cooling rate; the
higher scan speed decreases laser residence time which resulted in lower melt pool temperatures
and increased cooling rates. This faster cooling time resulted in a finger grain structure and more
grain boundaries for an increased microhardness. As a function of distance from the substrate
surface (the vertical axis on the left of Figure 4), the hardness of CZ increased because the material
grain size gradually decreased for the same factor.

In the same study by Chai et al. [3], the microstructure of a single-pass cladding layer on
different observation surfaces was examined in various directions. Figure 5 shows the sample
diagram and three observation surfaces for a sample. This study revealed the growth of columnar
crystals perpendicular to the substrate surface in the cladding layer. There were equi-axial crystals
at the top surface of the layer farthest from the substrate and columnar crystals near the middle
and bottom near the substrate. At a scan speed of 16 mm/s, the maximum angle between the scan
speed and grain growth direction was 84 degrees. As the scan speed increased from 4 mm/s to 16
mm/s, crystal spacing decreased gradually from 13.3 to 9.2 microns in the columnar crystals.

A comparison of microstructure and mechanical properties between 316L SS produced
through casting, hot-isostatic pressing (HIP) densification, selective laser melting (SLM), and a
combination of SLM and HIP densification was performed by Rottger et al. [4]. Figure 6 shows an
EBSD orientation diagram for these samples (a being the cast sample, b being the HIP-densified
sample, c being the SLM-densified sample, and d being the combined SLM and HIP densified
sample), while Figure 7 shows the yield strength, tensile strength, and elongation to fracture
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Figure 4: Left: diagram of cladding zone (CZ) used in hardness study. Right: microhardness of
CZ versus distance along the axis on the left due to different scanning speeds [3].

values for various samples. The cast and HIP-densified samples were shown to have a dense
microstructure, and the HIP postprocessing (for the HIP-densified and SLM+HIP-densified
samples) causes the grains to become coarser and nearly equi-axial as shown in the top-right
and bottom-right portions of Figure 6. Looking at Figure 7, SLM samples demonstrated superior
yield strength compared to the case samples; this increased yield strength of the SLM samples
was found to be due to their much smaller grain size as compared to those of the cast and
HIP-densified samples with values of 25 versus 39 and 266 microns, respectively. However, the
SLM samples showed a decreased elongation to fracture and Young’s modulus as compared with
the cast samples, decreasing from 200 GPa to approximately 144-166 GPa, respectively. The
reason for this change was the increase in pores and cracking in the SLM-densified microstructure
as compared to the other methods of fabrication. These results also showed that manufacturing
316L SS in the horizontal rather than in the vertical direction resulted in an increase in yield and
tensile strengths of the samples.

In comparison to other processes, it’s been confirmed in other studies that AM processes such
as SLM can increase strength and ductility in stainless steels, including 316L SS [24] [25], with
a study by Zhang et al. [26] producing samples with up to 657 MPa in tensile strength and
microhardness up to 246 HV by using a flat placement and optimizing the hatch scanning to 30
degrees. This is particularly important for 316L SS as they have coarser grains which result in a
deficient tensile strength than what is desirable for some industrial applications.

However, defects as a result of AM processes do occur. It introduces voids to the sample and
results in different grain structures as compared to cast parts. Defects that are common to many
AM processes include lack of fusion due to insufficient energy input/inappropriate scanning

parameters, excessive energy leading to keyholing, and excessive scanning velocity leading to
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Figure 5: Microstructure of single-pass cladding layer: (a) diagram, (b) observation surface 1, (c)
observation surface 2, (d) observation surface 3 [3].
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Figure 6: EBSD diagram for 316L SS samples. Left: orientation triangle. Right: EBSD orientations
for a) cast, b) HIP-densified, c) SLM-densified, d) SLM+HIP-densified samples [4].
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Figure 7: Material properties as a function of processing: cast, HIP-densified, SLM-densified in
the horizontal direction, SLM-densified in the vertical direction, SLM+HIP-densified samples [4].
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balling effects [27]. Generally, additively manufactured metal parts are considered inferior to
cast parts due to problems with porosity and incomplete densification. The increased porosity
and voids reduce ductility and increase the chances of stress ruptures as described by Sadowski
et al.’s study of PBF processes on Inconel 718 [28]. This is not always the case, as a study by
Rickenbacher et al. [29] of the nickel alloy Inconel 738 produced using AM demonstrated superior
tensile strength to similar cast parts. Other issues with AM parts include thermal stresses and
delamination of consecutive layers due to high thermal gradients and rapid thermal cycling as
a part of the AM processes, as described by Chlebus et al. [30] and Simchi [1]. Promoppatum et
al. [5] studied micro and macro characteristics of Ti-6Al-4V. A processing window was developed
based on previous experimental data to prevent excess heating leading to over melting and
insufficient heating leading to incomplete melting. In their study, measurements for roughness
and hardness were made which demonstrated that the roughness and hardness increase as a
function of energy density, though hardness leveled off after the 49.1 J/mm?> energy density
measurement. Figure 8 shows the microstructure of the top and side surfaces of the samples
made with various powers and scanning velocity of 1357 mm/s. With the increasing energy
density going from the top of the figure to the bottom, it’s easily shown that the top layer of
images showed balling and insufficient densification due to the lower energy density which is
remedied at higher energy densities. In this same study, Promoppatum et al. [5] performed
optical microscopy of Ti-6Al-4V sample exposed to single laser scanning lines on the titanium
alloy powder at varying laser power levels. Figure 9 shows the results of these examinations. The
left column of images in the figure which represents the results for the 50 to 150 W laser power
range showed insufficient laser power to achieve consistent powder fusion. The right column of
images in the figure where 150 W to 400 W of laser power was used shows powder fusion was
consistently achieved in all three cases.

2.3 Summary and outlook

As this review has demonstrated, additive manufacturing has shown to have promising results
in increasing the tensile strength of material samples as compared to cast samples, and allows for
the fabrication of parts with varying density, form factor, and porosity. As the topic continues to be
studied, more experimental and modeling work will need to be done, particularly for predicting
process parameter effect on structure and material properties and evaluating the performance of

the AM materials in nuclear environments.
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Figure 8: Microstructure of the top and side surfaces of the samples studied by Promoppatum
et al. [5]. The energy densities vary as follows in units of J/mm3 and by location: a) 24.6, side
surface; b) 49.1, side surface, c) 73.7, side surface, d) 24.6, top surface, e) 49.1, top surface, f) 73.7,
top surface.



Figure 9: Surface contours of single scanning lines at a fixed velocity of 1357 mm/s for varying
laser powers as studied by Promoppatum et al. [5].
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3. Physics-based Models

Laser powder bed fusion (LPBF) technique is a complex process involving melting of powder
particles and eventual solidification to form a complex grain structure. During the process, the
substrate and prior build layers absorb energy and form a local melt pool via phase change,
where powder is continuously added and melted to build up the next layer. The rapid cooling
rate causes changes in the microstructure and the layer-wise manufacturing causes anisotropy in
the build direction, thus changing the mechanical properties with respect to wrought material.
Hence, understanding the LPBF process and its impact on the microstructural evolution of the
material necessitates development of a multiscale multiphysics models, models that capture and
correlate the intricacies of the AM process and the corresponding microstructure formation. The
inter connection between different physics-based models is shown in Figure 10.

........

Laser power, scan 9 oo
pattern/speed, melt pool :
shape, thermal gradient I

0 redden
Rlese

Grain size, shape and
orientation, defects/

Thermal conductivity,

Microstructure Property/ mechanical properties,
Performance

species distribution

irradiation response

Figure 10: Schematic of the multiscale modeling components for establishing the PSPP correlation
for AM

3.1 AM Process Models

This section focuses on development of a fluid-thermal models for the LPBF technique to
predict the melt pool dynamics. The formation of a melt pool is a nonlinear, non-equilibrium
multiphysics process resulting in a large thermal gradient, high cooling rates, and high
solidification front velocities. Understanding the melt pool dynamics is an important intermediate
step to correlate how the process conditions influence the microstruture of the final product.

Temperature histories obtained from the melt pool simulations can serve as an input to the
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microstructural evolution model to capture the solidification and grain formation from the
powder materials during the process. Computational fluid dynamics (CFD) models are widely
used to simulate the melt pool dynamics at the continuum scale. In , two methods, i.e., the
level-set method and the Arbitrary Lagrangian-Eulerian (ALE) method, are used to track the
moving melt pool boundaries. In this section we present the improvements made to the existing
models in MALAMUTE to enhance it’s the process modeling capabilities.

3.1.1 Level Set Model
In MOOSE Application Library for Advanced Manufacturing UTilitiEs (MALAMUTE), a set of

fully coupled equations are solved for the melt pool dynamics using a Newton’s approach. They

include the level set equation [6],

a"’g’f’t) +i(%,t) - V(X t) + F,|Vo(X,t)| =0, ®)

the mass conservation equation,
V-i(Xt) =0, )

the energy conservation equation,

oh . 2P —272
o5y () = V- (9T + 2 exp ( = )\w — AT~ )|l — (T~ )|V,

(10)

and the momentum equation,

oil 7 7 — m —
1Y <aL; + i - Vﬁ) =V [—pl +u (vu - vuT)} — 0BT —T,)3 — ”?u + Vi T|Vel.  (11)

The symbols used in the above set of equations are explained in Table 1.
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Table 1: Notations for the melt pool simulations.

Parameters Unit Symbol
Level set function m (X, 1)
Fluid velocity m/s i(x,t)
Powder addition speed m/s Fp
Density kg/m3 P
Enthalpy J/(kg) h
Thermal conductivity J/(m-s-K) k
Dynamic viscosity kg/(m - s) U
Laser power J/s P
Effective beam radius m Ry
Laser energy absorption coefficient - o
Heat transfer coefficient J/ (5 .m2 - ]() Ay
Stefan-Boltzmann constant 1/ (s .m2. K") g
Material emissivity - €
Melt pool temperature K T
Ambient temperature K To
Thermal expansion coefficient - B
Gravity vector m/s? g
Reference temperature K T,
Isotropic permeability m? K
Surface tension coefficient N/m Y
Surface curvature m-1! K
Normal vector to the free surface - il
Thermal capillary coefficient N/(m - K) Yr

Figure 11 presents the powder deposition profile and melt pool dynamics modeled using the
level-set approach in MALAMUTE.
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Figure 11: Modeling powder deposition profile (top) and fluid flow in the melt pool (bottom)
using the level-set approach in MALAMUTE [6]

3.1.2 ALE Model

Aspects of laser melt pools such as pool motion and thermal distribution, may be modeled
using Arbitrary Lagrangian Eulerian (ALE) techniques. The mass, energy, and momentum
conservation equations are similar to Egs. 9, 10, and 11, respectively, with the terms involving
the level set variable ¢ removed. The advecting velocity i/ (in an Eulerian context the advecting
velocity is just the material velocity) is modified to take the rate of mesh displacements into
account: il + il — ify, where ily = dd /ot and d are the mesh displacements, e.g. how far points in
the meshed simulation domain have moved from their initial configuration. In other words the
advecting velocity in an ALE simulation is the material velocity minus the mesh velocity. In the
results shown in this section, the heating from the laser source and radiative losses are modeled
using surface terms as opposed to the volumetric terms shown in Eq. 10. Displacement of the
melt pool surface can occur due to recoil from material evaporation, surface tension effects, and
internal melt pool motion due to natural convection.

Finite element-based ALE modeling in Multiphysics Object-Oriented Simulation Environment
(MOOSE) was first reported in Ref. [6]. The results in that work were generated using forks of
MOOSE and the Portable Extensible Toolkit for Scientific Computation (PETSc) [31] that were not
included in the main MOQOSE repository. Input files that used syntax from the MOOSE fork and
added solver robustness from the PETSc fork were checked into MALAMUTE, but could not be
run since MALAMUTE uses the main MOOSE repository. In the past fiscal year we merged the

MOOSE framework, heat conduction, and Navier-Stokes module enhancements from the forked
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version into the main MOOSE repository such that any user can now reproduce the ALE results
published in [6]. We demonstrate this new user capability in Fig. 12, in which a laser is rotated 360
degrees around a steel surface until it begins to ablate and displace condensed matter material.

(a) half-rotation, top view (b) full-rotation, top view

(c) half-rotation, bottom view (d) full-rotation, bottom view

Figure 12: Visualization of just the top surface of the melt pool after a half and full rotation of the
laser. Solid coloring is based on the temperature ranging from 300 K (dark blue) at the bottom of
the domain (not shown here) to 3200 K (dark red) at the center of the laser spot. Arrow vectors are
based on the material velocity vector. Arrow lengths are based on the velocity magnitude and are
scaled 10 x larger for viewing purposes for the half-rotation compared to the full rotation.

In addition to moving finite element ALE capability into the main MOOSE repository, we
spent the last fiscal year developing a coupled finite volume-finite element methodology for
ALE simulations. The finite volume method has been added within the past three years to
MOOSE. Its capabilities for modeling fluid flow are outlined in Ref. [32]. In the mixed finite
volume-finite element scheme, pressure, velocity, and temperature variables and the associated
mass, momentum, and energy equations respectively are discretized using a second order
accurate finite volume method while mesh displacement variables are discretized using a
continuous finite element formulation. We pursue the finite volume scheme for the conservation
equations due to its local element-level conservation property, ability to handle discontinuous
boundary conditions, and lack of complex stabilization schemes such as Streamline-Upwind
Petrov-Galerkin. We keep the continuous finite element scheme for the displacement variables

since the degrees of freedom are associated with nodes, allowing for a one-to-one mapping from
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the displacement solution vector to displacement of the mesh nodes. Implementing mixed finite
volume-finite element ALE required substantial changes to MOOSE. These included

¢ adapting MOOSE'’s finite volume implementation to be able to run on displaced meshes,

¢ defining evaluations for finite volume variables at nodes, which is where the mesh
displacement degrees of freedom are located, and

¢ defining evaluations of finite element variables at face centers, which is where finite volume

fluxes are evaluated.

Figure 13 illustrates the coupled finite volume-finite element methodology for a two dimensional
simulation in which the laser is rastered back and forth in the middle of the domain. This is
representative of the laser movement in the LPBF processes. Coloring is based on the temperature.
Arrows point in the direction of the material velocity vector and are scaled according to the
velocity magnitude. For the last time point shown (t=300) the laser spot is in the left half of
the domain. Interestingly, at this time step, the coldest point in the domain is in the center-right.
We can attribute this to the combined effects of surface radiative losses and the fact that heat is
being convected away from the surface through bulk convection in the melt pool. The ability
to couple these disparate discretizations on physics as intricate as ALE represents a great step
forward in MOOSE and MALAMUTE capability. Moreover, this capability enable capturing the
process variabilities with a physics-based computationally efficient model. Further verification

and validation of the coupled finite volume-finite element results will be done in the future.
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Figure 13: 2-D melt pool simulation using a mixed finite volume-finite element scheme. Arrows
represent scaled velocity vectors. Solid coloring is based on the temperature. Times in arbitrary
units are: 100, 150, 200, 250, 275, and 300.
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3.2 Microstructural Evolution Model

To correlate the process conditions to the microstructural evolution, a multiphase phase-field
model for epitaxial grain growth due to the solidification of 316 SS is developed in connection with
the process conditions. There are two primary methods available in the literature for simulating
the grain structure formation during the metal AM process: the cellular automaton (CA) method
and the kinetic Monte Carlo (KMC) method. Both approaches predict the grain evolution as a
voxel based on the thermal profile input and are therefore limited in terms of the underlying
physics they can capture. However, the phase-field modeling (PFM) approach captures a physics-
informed microstructural evolution and can be applied to predict the grain structure formation
during the powder bed fusion process. Recently, a MOOSE-based polycrystal alloy solidification
model has been developed that can predict the geometry of solidified structures based on the
variation in thermal gradient and cooling rate [33]. Here, we extend the model to connect it to
melt pool dynamics. To simplify the computational efforts, the microstructural evolution model
is developed as a stand-alone model using analytical Rosenthal equation which provides the melt
pool geometry and corresponding temperature distribution. We plan to connect it to the process
models described in Section 3.1 using the MOOSE-based MultiApp approach [34]. The model
captures the solidification and epitaxial and competitive grain growth that follows. Considering
the rapid solidification that occurs during the AM process, the phase- field model utilizes the
CAlLculation of PHAse Diagrams (CALPHAD) method to obtain the phase diagrams and the
thermodynamic properties for 316L SS [35, 36]. In this section, we present the model formulation
and its extension to incorporate the moving heat source and 316L SS properties, along with

verification and preliminary demonstration of grain growth under moving melt pool.

3.2.1 Model Formulation

In this section, we present the phase-field model to capture the solidification and associated
epitaxial grain-growth during laser powder bed fusion method. Phase-field modeling is a
well-established approach for capturing microstructural evolution in various extreme conditions.
Here, we utilize a grand-potential-based multi-phase multi-order parameter model to capture
the microstructure formation during additive manufacturing process. The model was initially
developed and implemented in MOOSE to capture alloy solidification [37? , 38]. Here we extend
the model to couple it with a moving heat source and capture the epitaxial growth behaviors. The
model represents a microstructure consisting of solid and liquid phases with K possible chemical
species. For the solid phase, there are N; possible grain orientations such that the individual
grains are represented by a set of non-conserved order parameters: ijs = (#s1,%s2,---,1sN.)-
Within grain 7, 7;; = 1 and all other order parameters are 0. The interface between grains i and
J is represented by the smooth variation of order parameters 7; from 1 to 0, and #s; from 0 to 1.
Finally, the liquid phase is represented by a single order-parameter 7;. In addition to the phases
and crystallographic orientations, the chemical composition of the material system is represented

with the help of the number density of the chemical components. Here, the number density p of
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each solute species at each position is tracked in the model.
The evolution of the order parameters (1, #s;) are represented by an Allen-Cahn equation
derived from the grand potential functional such that

a _ 60

ot ony (12)
81751' _ 00}
ot N L(Sﬁsi (13)

Here, L is the Allen-Cahn mobility, and () is the total grand potential functional of the system:

Q= /V (wbulk + Werad + wchem) dv, (14)

where wy, it is the bulk free energy density term, wg,4 adds the gradient energy contribution, and

Wehem incorporates the appropriate grand potential densities for each phase such that:

2
i Usi _ Usi Vis Vsisj 1
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K
Werad = 5 <|V771|2 + Z |V7’/51|2> (16)
i=1
and

Wehem = hsws + hjw . 17)

Here, s and | represent the solid and liquid phases, i and j are the indices for the grains, N; is
the total number of grains, m is the free energy barrier coefficient, and <;; and 7Ysisj are a set of
constants that enable adjustment of the interfacial energy between solid and liquid phases as well
as between the i*" and j* grains of the solid phase, respectively. « is the gradient energy coefficient,
ws and w; are the local grand potential densities for the solid and liquid phases, and ks and £
are the switching functions used to interpolate the grand potential densities between the phases

defined as "
s Z:1 1 1751 (1 8)
771 + Zz 1 17sz
and
’71
hy = ———-— (19)
17] + Zz 1 7751

for the solid and liquid phases, respectively [? ]. The grand potential density for the phase w;/; is
given by
Ws/1 = fs/1 — PAKA — PBUB — - - — PK—1HK—1, (20)

where f;/; is the Helmholtz free energy density of the phase considered and y 4 is the chemical
potential between species A and the solvent.
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The evolution equation is expressed in a generic form such that

aﬂm' -1 60
ot 0N i
3 N ) 10k & &
== Li{m{m =i +200 Y, Y v ) Ty 2 2 (V) 1)
5=1j:1 ai B Tai p=1j=1
1 o N dhg
-V (2 avﬂm ﬁZ:l]Z VKB] + KVT]M) ,[32—:1 aﬂaiWﬁ] '

where, 7,; is the nonlinear variable that Equation 21 solves for, and 7g; is the other coupled
variables. ai and Bj correspond to the different phases (solid and liquid) and the associated grains
within the phases (for this problem, grains within the solid).

The evolution of the solute species is represented by the generalized diffusion equation,

) 04 K-1

o5 V- Z MarViy, (22)
I=1

where My is a mobility coefficient. For the grand-potential-based model, however, the chemical

potential of each species is used as a field variable for simulating the system [37]. Hence, the

evolution equation is represented as

d N T 90,9
XAA gtA =V (MaaVpa) — Z Z gA Jui, (23)
a1 i—1 Mai

where x a4 is the susceptibility. The derivation of Eq. 23 from Eq. 22 can be found in [38].
The free energy of the liquid is modified to incorporate the temperature effect, such that

1 .
Ws = Z V‘l;;(s %C?mm’ (24)
I=1 a
and
& 1 ‘uI K1 1min
w =Y - — M — S(T — Ty). (25)

Here, T}, is the melting temperature. The local temperature T at the steady state is prescribed
using the analytical Rosenthal equation [39] described as

T(x,r)=To+5 % exp ( U(r+X)> (26)

here Tj is the ambient temperature, Q is the absorbed power from the heat source, kr is the thermal
conductivity, & is the thermal diffusivity, and v is the velocity of the hear source. r represents the
radial position on the work piece from the heat source and calculated as r = /x2 + 32 + z, with
X, y, z being the positional co-ordinates. The moving reference frame is related to the simulation
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frameas x = x —xg — vt, y = y, and z = z. xg is the initial position of the heat source at t = 0. It is
noteworthy that the temperature field moves with time. Although the ultimate goal is to connect
the microstructural evolution model with the process model presented in Section 3.1 to connect
the process parameters to the microstructural evolution, here we use the Rosenthal equation as
a simplified starting points. It helps us capture the effect of moving heat source while keeping
the modeling complexity and the computational cost low. For the initial condition we utilize the
Rosenthal equation and define the liquid phase when T > T, and the solid phase when T < T),,.
This results in a sharp solid /liquid interface. We use the following function to introduce a diffused
interface, 77; = 0.5 tanh(%) + 0.5. Within the solid phase we utilize the Voronoi tessellation

algorithm to initialize the grain centers and assign multiple grains within the solid.

3.3 Incorporating 316L components

In this case, the material of interest is 316L stainless steel, which has three major components:
Fe, Cr, and Ni. For simplicity, a binary Fe-Cr system is considered here. 316L stainless steel
typically contains 18% to 20 % Cr. The phase diagram of the Fe-Cr system is presented in
Figure 14a. A thermodynamic model based on Miettinen for the mixing parameters and Dinsdale
[35] for pure component parameters are used to construct the Fe-Cr binary system with 11-wt%
Ni for the Redlich-Kister model (RK) used by Miettinen [36]. It is noteworthy that solubility
and diffusivity of Cr atoms in Fe varies greatly with temperature and Cr content. The Gibbs
free energy of the system at different temperature is shown in Figure 14b. The grand potential
density requires a one-to-one relationship between the composition and the chemical potential
within a phase. As such, using the regular solution or RK thermodynamic model is not a viable
option. An estimation can be made using a parabolic free energy density to model each phase,
i.e. the double well at lower temperature is constructed with two parabolic free energies, one
representing the Fe-rich phase and one representing the Cr-rich phase. An example of this fitting
process is shown in Figure 14c, where the parabola is fitted to the Gibbs free energy with positive
curvature. The fitting is performed for a temperature range of 300 K < T < 1750 K to obtain
temperature dependent k;, ch, and fimi” for both liquid and solid phases.
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Figure 14: (a) Fe-Cr phase diagram (b) Gibbs free energy at different temperatures, c) parabolic fit.

3.3.1 Model Verification

Some initial tests are run for verification purposes. Two cases are considered, an isothermal

spinodal decomposition at 500 K, and a phase segregation under a linear temperature gradient of
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(300K < T < 1600K). For each of the cases, the initial condition for the chemical potential ()
is set up using a random seed between the value of 0.5 and 1.5. The order parameter values
are slightly perturbed from their respective equilibrium values of 0 and 1. Parameter k; and
fimn are converted from J/mol to J/m® using the molar volume of pure Fe, and other energy
density parameters are scaled with 1 x 107 J/m3 energy scale and 1 x 107® m length scale. The
diffusivity is set to a constant to speed up the microstructural evolution for testing purposes.
The result from the first test shows a typical spinodal decomposition such that the Cr-rich phase
nucleates and grow in a small region (see Figure 15). The perturbation of the order parameters
facilitate the phase separation, leading to the spinodal decomposition. For the second case, the
spinodal decomposition is less pronounced because the Cr-rich phase grows competitively across
temperature and composition, see Figure 16. Despite higher Cr concentration at high temperature,
the Cr-rich phase is thermodynamically less stable, thus it only appears at the lower temperature
region. This is similar to what has been observed experimentally.

Fe-rich Cr-rich

time

Figure 15: Spinodal decomposition of the Fe-rich and Cr-rich phases at 500 K temperature

time : M. c ,
J300k 1600 k | Fe-rich [N M Cr-rich

Figure 16: Chromium segregation under thermal gradient

3.3.2 Grain growth under a moving heat source

To understand the role of moving heat source on the grain evolution, we first look at the
evolution of the grain boundary under the influence of a moving melt pool. The initial grain
structure is designed such that the melt pool moves through the boundary of a bi-crystal structure.
The temperature profile is initialized to follow the Rosenthal equation Eq. 26 and the chemical
potential is initialized as a function of temperature. The interfacial width and gradient energy
coefficients are kept constant. The liquid diffusivity is set to 0.15 and the solid diffusivity is
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coupled with temperature through: D; = Dgexp(—Q/RT), where D; is the solid diffusivity,
Dy = 1.5 x 107> m 2/s is the diffusivity prefactor, Q = 210,000 J/mol is the activation energy, R
is the gas constant, and T is the temperature field. Figure 17 shows the evolution of the GB under
the influence of the moving melt pool and associated Cr segregation observed in the simulation.
In this case, Cr accumulation occurs at the melting front such that the liquid becomes a Cr sink.
A thin Cr segregation layer is observed at the liquid-solid interface is due to the temperature-
dependent Cr solubility in the Fe-rich phase. The solidification front shows a reduction in the
Cr content due to the lower Cr solubility in the Fe-rich phase at lower temperatures. The region
near the left boundary shows lower Cr content due the moving melt pool absorbing Cr content
and dragging it to the right. The Fe-rich phase appears to not fully solidify (#; < 1.0) near the
solidification front. Similar segregation behavior has also been observed experimentally. It is also
observable is that the GB tends to always remain normal to the solid-liquid interface leading to
change in the curvature of the GB. This also provides the reasoning of the dragging and rotation
of the triple junction at the solidification front observed during AM processes which ultimately
leads to formation of elongated grains.

time temperntire

300

Figure 17: Evolution of the grain boundaries and Cr segregation under a moving heat source

Next, to test the model for a simple polycrystal structure, we simulate a small domain with 6
grains . The grain sizes and the initial melt pool size are selected such that the melt pool size is
comparable to the grain size. Figure 18 depicts the time evolution of the microstructure. Similar to
the previous case, the GB dragging effect and the rotation of triple junctions are observed in this
case.

Finally, we consider a larger domain with 120 total grains and a melt pool much larger than
the surrounding grains to simulate a realistic AM microstructure. The model captures realistic
grain evolution leading to the formation of elongated grains. At the melting front, some grains
are observed to be dragged with the melt pool without melting. It is not yet well understood
whether this behavior is physical or not. This could be due to the diffused interface nature of

the phase-field model. Since the solid-liquid interface does not reach the melting temperature, a
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Figure 18: Epitaxial grain growth under moving heat source

complete transformation of the grains does not occur until the grains reach the interior of the melt

pool. A penalty function needs to be designed to mitigate this issue. This will be addressed in the
following fiscal year.

(b)

Figure 19: Epitaxial grain growth of a larger domain
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4. Machine Learning Models

The numerical modeling of the AM process using MOOSE is a very expensive task especially
considering that these models have to be run numerous times under varied or stochastic process
conditions. To alleviate this large computational burden, we are using surrogate models that come
with in-built prediction uncertainties. These prediction uncertainties will help us quantitatively
assess when the surrogate predictions can be trusted and under what input conditions the
surrogate needs to be re-trained in order to reduce its prediction uncertainty. Specifically, we
are relying on the multi-output Gaussian processes (MOGPs) because they provide both mean
predictions and associated uncertainties due to following a Bayesian formulation. In addition,
MOGPs capture output covariances between field quantities like temperature and this improves
their predictive performance compared to standard Gaussian processes given the same training
data set. While these properties of MOGPs are attractive to accelerate the modeling of AM,
MOGPs are expensive to train. Their training cost scales cubically with the number of outputs to
predict. That is, if we want to predict a field quantity at 100 locations in the domain, the MOGP
training cost is proportional to 100%. To tackle this high computational burden, we are using
dimensionality reduction methods to project the high-dimensional output space into a smaller
dimensional latent space. It is in this latent space the MOGP will be trained and evaluated.
The MOGP predictions in the latent space are transformed back into real space with an inverse
map. This substantially reduces the MOGP training cost. For example, if the 100-dimensional
output space is reduced to a 5-dimensional latent space, the MOGP training cost reduces to being
proportional to 5° instead of 100°. Moreover, both MOGPs and dimensionality reduction are
being implemented in the MOOSE STM. The future vision for these capabilities is to accelerate
the numerical computations of the AM process, while ensuring the robustness of the surrogate
predictions by monitoring the prediction uncertainties, and couple them into an active learning
framework where the surrogate and computational model interact with each other depending
upon the input process conditions. A schematic of the ML framework in presented in Figure 20.

Project
inputs/outputs to a
low-dimensional

Run full-fidelity Inputs/outputs
multiscale for PSPP
simulation correlation

Identify
data/simulation
requirements

Train a GP
model

Assess
uncertainties

J(X) ~ N (m(X), k(X X"))

Figure 20: Schematic of the ML modeling framework

In this chapter, we will outline the initial developments pertaining to surrogate modeling

using MOGPs and dimensionality reduction using PODs (or linear principal component analysis).
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We outline the theory behind these techniques, test them on some benchmark case studies, and
discuss their implementation in MOOSE STM.

4.1 Genetic Programming Based Symbolic Regression

In this section, we present a genetic programming based symbolic regression (GPSR) approach
that was used to obtain the cooling rate as a function of laser speed and power. In general,
symbolic regression (SR) is a type of regression analysis that searches the space of mathematical
expressions to find the model that best fits a given dataset without assuming its form a-priori.
It only assumes that the data can be fitted using some algebric expressions and then uses an
algorithm to search for the correlation. GPSR is a type of SR that uses the genetic programming
search algorithm to find the best fitting function for the data. This reduced order approach can
quickly provide the cooling rate as a function of process parameters using the outputs from the
physics-based process simulations. To generate the training data, we used a domain with the size
of x € {0,0.015m} and y € {0,0.015m}. The starting position of the laser is x = 0.005m, and
y = 0.005m. The temperature distribution is measured at x = 0.006 m, and y = 0.0048 m. The
temperature distribution is measured as the laser power is varied from 70 J/s to 100 J /s, and the
laser velocity is varied from 0.004 m/s to 0.012 m/s. Figure 21 shows the temperature histories
generated from the physics-based process simulations that are used to generate the training data
set used by GPSR. Figure 22 presents the said training data sets. Total 440 data are generated
through INL-HPC using stochastic tools of MOOSE [40]. Cooling rate is calculated from the
temperature distribution data.

The hyper parameters setting for GPSR are listed in Table 2.

Table 2: Hyper parameters settings for GPSR

Hyper Parameters Value

Operators {+,—,x,+,sin,cos,exp}
Complexity 23

Population 100

Maximum Iterations 1000
Tolerance 104

The training evolution process is shown in Figure 23. The Pareto front plot (Fig. 23) explains
the process to obtain the best symbolic equation fitted to the given data set. The fitness value is
the numerical mean value of the 50 sampled symbolic equations, selected through permutation
and combination of the operators. There are fluctuations because of the randomness. Overall, the
trend of the graph increases from 0.65 to 0.92, and the level of fluctuations decreases in the end,

which indicates that an optimal fitting expression is achieved.
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Figure 21: Temperature histories from the training data.
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Figure 22: Training data obtained from the physics-based melt pool simulations.
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Figure 24: The error of the converged equation.
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The converged equation is given as
f(v,p) = 7790.05 (—v,, + sin (—5.602v, exp (—2p,) + pn + 1.428) + 1.003) (27)

where v, = v/0.0119 and p, = p/99.93 Figure 24 compares the training data set with the
predictions of the converged equation, along with the error estimations. The ROM obtained from
this analysis has a 92.53% accuracy. This presents a simplified ROM that connects the process
variability to the final cooling rate with reasonable accuracy. This ROM equation can be further
used in the phase-field-based solidification simulation to capture the influence of the cooling rate
on the final microstructure.

4.2 Proper Orthogonal Decomposition

To enable the generation of accurate Reduced-Order Models (ROMs) for field quantities, such
as temperature and concentrations, many techniques utilize dimensionality reduction methods.
The common feature of these methods is that they map the fields of interest into low-dimensional
latent spaces where the parametric behavior of the fields can be more easily learned by the
ROMs. For this reason, a Proper Orthogonal Decomposition (POD)-based [41, 42] dimensionality
reduction technique has been added to MOOSE.

4.2.1 Theory

POD has been widely used for dimensionality reduction purposes across multiple scientific
principles. Depending on the field, the same concept is often referred to as Principal Component
Analysis (PCA) [43], Karhunen-Loéve [44] expansion or Singular Value Decomposition (SVD) [45]
as well. The essence of the method is that a lower-dimensional space (latent space) is determined
in a way that it is closest to the given data in a certain norm. In this work, we use a discrete 12

norm which can be defined as

7, = V33, (28)

where 7 € RY is a high-dimensional vector (N is large). This vector can be obtained by carrying
out a high-dimensional field measurement or by exercising a numerical model. Due to the nature
of work presented here, we generate these high-dimensional vectors using numerical models of
advanced manufacturing processes. The procedure of obtaining a latent subspace of reduced
dimensionality for the fields (vectors) in our problem consists of multiple steps:

1. The output of the numerical models often changes through simulated time or with the
substitution of different input parameters. To start, we survey the time and input parameter-
dependent high-dimensional solution manifold by taking snapshots of the fields (vectors) of
interest at different time-parameter combinations. These vectors can then be organized in a

snapshot matrix:
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where Ny, is the number of different model parameter samples, Ny, is the number of
snapshots per transient simulation with parameter sample y;, while s, s, denotes the vector
of interest corresponding to parameter sample y; at time step f;. Note that the number of
time steps might depend on the model parameters, therefore the total number of snapshots
(N;) is given by:

|4
Ns =) Nr,. (30)
i

. We assume that the number of snapshots is considerably smaller than the number of entries
in the high-dimensional vector (Ns << N). As the next step, the common features are
extracted from the snapshots. In a discrete case such as this work, POD and SVD are

equivalent so we can obtain these features by computing the SVD of the snapshot matrix:

S=uzv’ (31)

where U and V are the unitary left and right singular vector matrices, while matrix X
contains the singular values on its diagonal. Throughout this work, due to their equivalence,
left singular vectors will also be often referred to as POD modes. It can be shown [46]
that the first r left singular vectors from U (first r columns) span an optimal basis which
is closest to the snapshots in a discrete L? sense. Therefore, we can use these singular vectors

to approximate our high-dimensional vector of interest as:

s~ U,Gc,, (32)

where vector ¢, € R" contains the reduced-order coefficients or coordinates in the latent,
low-dimensional space. Note that U, contains only the first r left singular vectors of U with
r typically being a much lower number compared to N. Based on Eq. (32) and the fact that
U, is unitary, a high-dimensional vector can be mapped into the latent subspace with its
transpose:

¢, =Us. (33)

At the same time, if we have coordinates in the latent space, we can use Eq. (32) to reconstruct
the corresponding high-dimensional vector (inverse mapping).

. The only remaining piece that needs to be determined is the value of r. This can be done

manually using a sensitivity study or by utilizing the singular values located on the diagonal
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of matrix X. The second approach is often referred to as energy-retention-based mode
number determination that chooses r such that

r
Lot
r=argmin | 1— l;1 <T, (34)
1<r<N; Z 0—2

) i
i=1

where 0; denotes the i-th singular value and 7 is a filtering parameter (usually set to a small
number). It can be shown [46] that if 7 is selected using this approach, the maximum relative
discrete L2 error of the reconstructed high-dimensional vector (see Eq. (32)) over the data set

(snapshots) is not larger than .

Once the POD modes are available, we can use them to map the already available snapshots
into the latent space using Eq. (33). The coefficients of the snapshots in the latent space can then
be used as training data for fitting Reduced-Order Models (ROMs). In this section, we use a
polynomial regression-based ROM for verification purposes, while in Section 4.3, a multi-output
Gaussian Process is used.

4.2.2 Implementation details

For performing the steps mentioned in the previous section, the MOOSE [40] framework
and the Stochastic Tools Module (STM) [47] have been extended with various new, user-facing
objects. The implementation relies heavily on the MuliApp system, meaning that a MOOSE-
based app (main app) manages the runs of other MOOSE-based apps and collects information
(snapshots in our case) from them. The application on the top is often referred to as the main
application, whereas the underlying worker applications are called subapps. In this case the main
application will sample input parameters for simulations, insert the parameter combinations into
the numerical models in the corresponding subapps, run them and gather the snapshots. For
this, the Samplers and SamplerMultiApps of STM are used. The storage and management of the
high-dimensional vectors, however, is performed by newly added objects:

* SolutionContainer: Used for storing distributed solution/auxiliary system vectors. This
container lives on a subapp and provides an interface for the main app when it comes to

gathering solution fields.

* ParallelSolutionStorage: Stores multiple vectors on the main application. The vectors
are organized based on solution/auxiliary variable names in a distributed fashion. The
distribution is vector-based meaning that different vectors might belong to different
processors, but entries of the same vector always belong to the same processor.

e SerializedSolutionTransfer: Extracts solution variable-based vectors from the
SolutionContainers on the subapp and populates ParallelSolutionStorage with
the data.
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* PODMapping: Responsible for extracting the POD modes from the data stored in
ParallelSolutionStorage using iterative SVD (see Eq. (31)) algorithms. This heavily
relies on the Lanczos method-based SVD implemented in SLEPc [48]. Furthermore, this
object executes the logic for selecting an adequate number of retained POD bases (r).

* MappingReporter: Uses Eq. (33) to project high-dimensional vectors to the latent space and
stores the resulting coefficient vectors. This can be used to map the already available vectors
from ParallelSolutionStorage or to map new solution vectors from new simulations on
the fly. One of the main uses of this object is to create low-dimensional input data (coefficient

vectors) for ROM generation.

* InverseMapping: Uses Eq. (32) together with already available coefficient vectors to
reconstruct full solution fields. These solution fields can then be used by different
high-dimensional solvers. The object accepts coefficient vectors from two sources:

1. Manually defined coefficient vectors. This is useful for the visualization of the POD
modes by setting the corresponding entry to 1, while keeping every other at 0.

2. The output of a surrogate model. As already mentioned, surrogate models (or ROMs)

can be trained to predict the entries of the coefficient vector.

4.2.3 Verification using polynomial regression

For the verification of the POD algorithm, we chose a simple, one-dimensional (x € [0,10])
diffusion problem:

d ou . . _
~3r (48x> =S, with u(0)=0, and u(10) = uy, (35)

where u is the solution variable, u; ~ U(0,10) a random boundary value and S ~ ¢/(0, 10) is
a random source term. The analytic solution for this problem can be derived by integrating the
equation and applying the boundary conditions:

o S 2 Ub 105
u(x) = g + <10+ 3 )x. (36)

The analytic solution is a quadratic polynomial with the coefficients linearly depending on u,
and S. Without going into the detailed proofs of the claims below, we see that the analytic solution
implies three things:

1. Since the analytic solution has two basis functions (x2,x), we expect to get two POD modes
as well. One can think about the POD modes as another basis for the same space with
special requirements. Therefore, we can verify the implementation by only getting two basis

functions from the snapshots.
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2. Since the POD modes are constructed using the snapshots (linear combination of the
snapshots), the first POD mode, which has a close correlation with the sample mean is
expected to be a quadratic polynomial as well. This also implies that the second basis will be
at most a quadratic polynomial. In other words, getting a quadratic and at most quadratic
polynomial POD mode would verify our implementation.

3. Since the original expression shows an additive nature for (S and u;) in terms of the
expansion coefficients, the POD bases shall have expansion coefficients which depend
linearly on these parameters. Therefore, we can verify the algorithm if we can fit linear
functions for the expansion coefficients and reconstruct an unknown sample with an error

of numerical roundoff.

As a first step, we verify if we obtain two POD modes only. For this, we sample 8 pairs of S
and u;, using their corresponding distributions, solve Eq. (35) with each parameter combination,
gather the solution vectors and extract the POD modes from the snapshots. Indeed, the only two
POD modes correspond to non-zero singular values meaning that even though 8 snapshots are
provided, all of them can be reconstructed using the 2 modes. These POD modes are presented
in Figure 25. We see that both are quadratic functions which aligns with the second verification

hypothesis.

0.8

—POD mode 1 (SV:121.4)

0.6 —POD mode 2 (SV: 17.1)

-04

Figure 25: The two POD modes obtained from the one-dimensional verification example. The first
mode (black) corresponds to a singular value of 121.4, while the second mode corresponds to a
singular value of 17.1.

To verify the third statement, we map the 8 snapshots into the latent space using Eq. (33). Then
two linear polynomials (having a form of ¢;(S, u,) = p;S + q;up + 1;) are fitted, one for each POD
expansion coefficient. As a last step, a new input parameter combination (S = 6.19, u;, = 3.12)
is selected and the corresponding POD expansion coefficients are computed by evaluating the

linear polynomials. Using these POD expansion coefficients we reconstruct our solution using
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Eq. (32) and compare it with the output of the high-dimensional model solved using the same
input parameters. The comparison between the two fields yields e;>» = 2.55 x 10~!* error which is
considered roundoff verifying that the two quadratic POD modes combined with coefficients that

are linear functions of S and u;, can reconstruct the exact solution.

4.2.4 Application to the Rosenthal temperature field

As previously discussed in Section 3.2.1, the Rosenthal expression provides a way to
approximate the temperature field of a melt pool. This expression, however, depends on input
parameters such as absorbed power, thermal conductivity and velocity. As an exercise of for
the dimensionality reduction of a multi-dimensional field, we create a latent space for the
Rosenthal temperature field in a two-dimensional domain. For this, we collect snapshots of the
temperature fields obtained with different parameter combinations in the Rosenthal expression
when the heat source reaches the middle point of the domain. Three parameters were chosen to
be uncertain/changeable in the expression. These parameters together with their distributions
for the random sampling are summarized in Table 3. We note that the heat source Q in Eq. (26)
can be computed as the product of the absorptivity and the laser power (Q = #P).

Table 3: The distribution of the input parameters used for the stochastic evaluation of the
Rosenthal expression.

Parameters Distribution
Speed (v) U(0.025, 0.05) (2)
Absorptivity (1) U©(0.5, 1.5) (—)
Laser Power (P) 1/(500, 1500) (W)

Using these distributions, 100 parameter combinations were sampled. Once the expression is
evaluated at each parameter combination, the high-dimensional temperature fields are gathered
and the POD modes are extracted. The decay in the normalized (by the sum, see Eq. (34)) singular
values of the temperature is presented in Figure 26. We see that truncating the expansion by using
only 5 POD modes would represent more than 99% of the variation in the system.

Using the inverse mapping capabilities in MOOSE, we can visualize the POD modes
themselves as well. Figure 27 shows the first three POD modes which represent the most
variation in the system. We see that the first mode (top) is close to an average temperature profile,
while the second (middle) and third (bottom) modes describe the variation in the front and wake

of the heat source.
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Figure 27: The first three (from top to bottom) POD modes of the Rosenthal temperature field with
the varying input parameters.



4.3 Multi Output Gaussian Process

This section outlines the developments pertaining to the use of multi-output Gaussian
processes (MOGPs) to efficiently and accurately predict the temperature fields during the
additive manufacturing process. A theoretical background and the algorithmic implementation
of MOGPs is first provided. Then, the effectiveness of MOGPs to predict the temperature fields is
evaluated. Finally, ongoing implementations of MOGPs in the MOOSE stochastic tools module
(STM) is discussed.

4.3.1 Theory

The theoretical background of MOGPs, starting with scalar Gaussian processes (GPs), is
discussed below.
Scalar GPs

GPs approximate the function f(x) using a Gaussian distribution in the form of:

f(x) = N (m(x), x(x,x))
m(x) = E[f(x)] (37)
K(x, %) = B[ (f(x) —m(x)) (f(x) —m(x))]
where, x is the input vector, m(x) is the mathematical expectation of f(x), and x(x, x") is the kernel
function that defines the covariance between x and a neighboring location x’. The function f(x)

can be the scalar quantity of interest from a computational model or observed experimental data.

If we have N scalar observations, they jointly follow a Gaussian distribution defined as [49, 50]:

y = [fGx), fx), s S0 ~ N, K)
p= Bl B ()l Bl ()] (38)
Kij = x(x;,x;)

where, p is the mean vector and K is the covariance matrix. An element K;; of K defines the
covariance function or kernel function between x; and x;. A popular kernel function used for

setting up the covariance matrix K is the squared exponential kernel:

1 D ( Xg— x/ )2

— 2 d

K(x,x/) = eXp < - E dgl 172 (39)
, where ¢ is the amplitude parameter and I, is the length scale for input dimension d, and D is
the number of input dimensions. Herein, we will use GPs and MOGPs to model the response of a
computational model whose data is not corrupted by random noise. As such, the noise variance
term which is commonly modeled using GPs and MOGPs, is ignored. Overall, a GP with the

squared exponential kernel requires the specification of D + 1 hyper-parameters; that is, D length
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scales and the amplitude parameter. For complex problems, these hyper-parameters are usually
obtained by optimizing the log-likelihood function. In a GP, owing to the Gaussianity, the log-
likelihood function has a closed form expression as shown below:

1
2
The log-likelihood function is constructed from the training data of model outputs vector y and

L=—-In|K|- %yT Kly— % N In(27) (40)

the inputs [x1,x2, ..., XN].

MOGPs

MOGPs model and predict the outputs which are vectors, each of size M. For any input vector
x;, the vector of outputs y; and the matrix of N vectors Y is defined as:

yi= ) fx)? .., fla)™]T
Y: [_1/1, Y2,..., yN]T

where, y; is of size M x 1 and Y is of size N x M. The matrix Y is vectorized and represented as

(41)

with size NM x 1. § is modeled as a Gaussian distribution defined as:

§~N (1 K) (42)

where, I is the mean vector and K is the full covariance matrix. K captures covariances across the
input variables and the vector of outputs and hence has size NM x NM. K can be modeled in
several ways as discussed in [51, 52]. We will follow the linear model of co-regionalization (LMC)
which distinctly models the covariances between the N inputs and the M outputs. Mathematically,
the LMC is defined as [51, 53]:

L
q=1

where, g denotes the basis index, Bq output covariance matrix of size M x M for the qth covariate,
K, is the inputs covariance matrix of size N x N for the g™ covariate, Q is the total number of
basis, and ® denotes the Kronecker product. B, is further defined as the sum of two matrices of
weights [53]:

B, = A,A] + diag 2, ) (44)

where, A; and A, are the matrix (size M x R) and vector (size M x 1) of hyper-parameters, both
for the ' basis. The size R is user-defined and it can greater than or equal to 1. The larger the R,
the more sophisticated the MOGP in modeling complex outputs. Specifically, A, is defined as:
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In addition, the size of Q can also be greater than or equal to 1. The larger the Q, the more
sophisticated the MOGP in modeling complex outputs. For every g € {1,...,Q}, a separate A,
matrix, A, vector, and K, matrix is defined. Each of the K; matrices can be defined by the same or
different covariance kernels and have separate hyper-parameters. We will use the same covariance
kernel, the squared exponential kernel defined in Equation (39), for every 4. In total, the MOGP
with the LMC output covariance and the squared exponential input covariance kernel will have
Q (D +1) (M+1) R hyper-parameters to be optimized arising from Q basis. If Q = 1, the LMC
reduces to the intrinsic co-regionalization model (ICM) with (D + 1) (M + 1) R hyper-parameters
to be optimized. Table 4 summarizes the vectors and matrices used in MOGPs with their sizes.

Table 4: A summary of the vectors and matrices used in MOGPs with their sizes. N is the number
of inputs and M is the number of outputs for each input.

Notation Size Description

Y Mx1 ith output vector

Y N x M Output matrix

1} NM x 1 Output vector

i NM x 1 Mean vector

K NM x NM  Full covariance matrix

B, MxM Output covariance matrix

K, N x N Input covariance matrix

A, M x R Weight matrix for g™ basis

A; Mx1 Intra-covariate weights for g basis

4.3.2 Hyper-parameter optimization using AdamW

The hyper-parameters of the MOGP model are inferred by optimizing the log-likelihood
function. The MOGP log-likelihood function has a form similar to a scalar GP:

L= —% In |K| — %gT K'g- % N In(27) (46)

We will use the adaptive moment estimation (Adam) algorithm to optimize the MOGP hyper-
parameters [54]. Adam is a stochastic optimization algorithm that permits mini-batch sampling
during the optimization iterations. The optimization of MOGPs can be expensive. If there are
N training points each with M outputs, each training iteration of Adam has a cost of O(M3N?).
Adam permits using n < N random training points during each iteration which has a cost of
O(M3n?®) << O(M3N?®). Recently, [55] proposed the AdamW algorithm which modifies how
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the regularization is performed in Adam, increasing its optimization performance. In traditional
Adam with regularization, the gradient update and hyper-parameter update steps are defined as
[54]:

gt < VEt(ot—l) + A Gt_l

01 < 0y1 — i (i / (\/91 + ) )

where, t is the iteration, 6 is the optimizable hyper-parameters, g is the gradient update, A is

(47)

the regularization weight, « and ¢ are internal parameters of the algorithm, 7z is the corrected
tirst moment update, ¥ is the corrected second moment update, and 7 is the schedule multiplier.
AdamW modifies the gradient update and hyper-parameter update steps as follows [55]:

gt < Vfi(6i-1)

(48)
0 — 0,1 — 1 (mt/(\/ﬁ o)+ A et_l)

wherein, it is noticed that the regularization is decoupled from the gradient update step and added
to the hyper-parameter update step. [55] found that this de-coupling leads to better performance
of the Adam algorithm in general across a suite of case studies that were considered. We will use
the AdamW optimizer to infer the MOGP hyper-parameters with the schedule multiplier # set to
1.0.

Forward prediction and uncertainty quantification

Once the MOGP hyper-parameters are optimized, probabilistic predictions of the vector
quantities of interest can be made. Given a prediction input x., the probability distribution of the

vector outputs is given by:

where, ¥ is the matrix of training inputs, fi, is the mean vector, and X, is the covariance matrix.

The mean vector is defined as:

=Ky 5 (Kyg) 'y (50)
where, Kj 5 is the full covariance matrix of the training inputs and prediction inputs and Ky is

the full covariance matrix of the training inputs. The covariance matrix X, is defined as:

_ o
=Ky g — Ky 5 Kyy) 'Ky 4 (51)

where, K; j is the full covariance matrix of the prediction inputs.
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4.3.3 Implementation in MOOSE Stochastic Tools Module

The MOGP capabilities are being implemented and tested in the MOOSE STM [47]. This
section outlines the framework for implementing MOGPs in the STM. It consists of five new

objects whose function is discussed below:

MultiOutputGaussianProcessTrainer: This object gathers the training inputs and outputs
which are both vectors from the sub-application. It prepares the training data by performing
standardization. It then sends this data to the MOGP optimizer.

Standardizer: New functions are being implemented in this object to permit performing
standardization while accounting for the covariances in the training data. This is particularly

important for MOGPs wherein the output data is correlated.

OutputCovariance: This new object considers the covariances between the outputs and its
derived classes lets users implements covariance models like the ICM and LMC.

MultiOutputGaussianProcessHandler: This utility object performs the hyper-parameter
optimization of the MOGP. It takes training data from the MultiOutputGaussianProcessTrainer
and information of the input and output covariances from Covariance and OutputCovariance,
respectively. It uses the AdamW optimizer to tune the MOGP hyper-parameters.

MultiOutputGaussianProcess: Once the MOGP hyper-parameters are tuned, this object

makes the predictions of the field quantity of interest for a testing dataset.

4.3.4 Application to Rosenthal temperature field prediction (MOGPs + POD)

The MOGPs are applied to predict the stationary temperature distribution in the domain
during the additive manufacturing process. We will rely on the Rosenthal equation for generating
the training and testing data of the temperature distributions. In the domain, we are interested in
predicting the temperature spatial distribution at 100 x 100 locations on the Z-plane. This amounts
to predicting a vector of 10,000 temperature values using MOGPs. The training of the MOGPs,
as discussed earlier, is very expensive and each training iteration is of the cost O(N3M?). If
M = 10,000, the training cost can blow up. To alleviate this issue and to increase the effectiveness
of the MOGP, we will apply POD to the training data, train the MOGP in the latent space with
smaller dimension m (m << M), make MOGP predictions in the latent space, and transform the
predictions made into the required space.

We generated 200 training data sets of input variables like ambient temperature, absorptivity,
laser power, conductivity, and laser velocity and output temperatures at the 10,000 locations.
We then performed POD on the output temperatures which is very high dimensional. For
each additional principal component of the POD analysis, we computed the explained variance
ratio. Figure 28a presents the explained variance ratio as a function of the principal component
index. It is noted that the explained variance ratio rapidly diminishes as the number of principal
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components increases. Figure 28b presents the cumulative explained variance ratio as a function
of the principal component index. As we consider 2 or more principal components, the cumulative
explained variance ratio is almost equal to one. This indicates that the very high-dimensional

temperature outputs can be succinctly represented by two principal components (i.e., latent

variables).
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Figure 28: (a) The explained variance ratio as a function of the principal component index and
(b) the cumulative explained variance ratio as a function of the principal component index for the
temperature spatial distribution.

After downsizing the high-dimensional output temperatures to two principal components,
training of the MOGP is performed with the 200 training data points. The MOGP is designed to
have the output covariance described by the ICM with R = 1 set in the A; matrix. This will result
in 9 MOGP hyper-parameters considering that D = 5. Optimization of these hyper-parameters
is performed using AdamW with the number of iterations as 4,000, learning rate as 5E — 4, and
A = 1E — 4. Figure 29 presents the evolution of the loss function or the log-likelihood function as a
function of the iterations. The stochasticity in the loss function evolution is due to the mini-batch
sampling with the batch size set to 50. It is observed that as the number of iterations increase,
the loss function is reduced to an almost constant value, representing the tuning of the MOGP
hyper-parameters.
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Figure 29: Loss function evolution of the MOGP with the optimization iterations. It is observed
that as the number of iterations increase, the loss function is reduced to an almost constant value,
representing the tuning of the MOGP hyper-parameters.

Once the MOGP hyper-parameters are optimized, its performance is tested on a testing
dataset. Figure 30 presents the performance of the MOGP for two representative testing inputs.
Figures 30a and 30b show the MOGP mean temperature predictions, Figures 30c and 30d show
the MOGP predictive standard deviation (which represents the uncertainties in the predictions),
and Figures 30e and 30f show the “true” or reference temperature distribution. It observed that
the mean MOGP predictions of the temperature distribution closely match the “true” solution.
Moreover, the predictive standard deviation of MOGP is small compared to magnitude of the
temperatures. These initial results demonstrate that the MOGP is effective at predicting field
quantities like temperature during the AM process. One more advantages of an MOGP is that it

comes with predictive uncertainties which can be leveraged in active learning frameworks.
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Figure 30: (a) and (b) MOGP mean predictions; (c) and (d) MOGP predictive standard deviations;
and (e) and (f) the “true” solution of the temperature distribution for two testing points. (a), (c),
and (e) correspond to testing point 1. (b), (d), and (f) correspond to testing point 2.
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5. Conclusion

In conclusion, we develop various physics-based and Machine learning models to connect
the process conditions to the microstructural evolution of 316 SS during LPBF process. We
demonstrate the capabilities of MALMUTE to capture the complex physics aspects of the
LPBF process. Furthermore, a Proper Orthogonal Decomposition (POD)-based dimensionality
reduction has been implemented in MOQOSE. It provides algorithms for extracting feature
vectors from fields of interest which can be used for mapping high-dimensional fields to lower
dimensional latent spaces. This mapping can be also used in combination with surrogate models
(such as MOGPs) to create estimators for entire field quantities with a fraction of the simulation
time that would be otherwise required. MOGPs were tested for accelerating the prediction of field
quantities like temperature during the AM process. For a representative AM example, MOGPs
using the ICM covariance model combined with PODs showed good performance in predicting
the temperature distributions. Furthermore, the implementation of MOGPs in MOOSE STM is
currently being pursued.

This work aims to develop the computational framework necessary for capturing different
aspects of the AM process and associated microstructural evolution. It lays the foundation for
reaching the overall goal of establishing a reduced-order PSPP correlation for AM materials. The
generated models can also be used within an active learning framework to identify data need for

accelerated material development and qualification for AMMT program.
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