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SUMMARY

The growth of the Additive manufacturing (AM) as a process has resulted in its appli-
cation to various new materials. However, for each new material that is developed with
AM, process parameter development must be conducted in order to be able to fabricate
end-use parts. Given either extreme properties of certain materials, or a lack of existing
literature, the development of process parameters can often be a slow, expensive process.
This work demonstrates a method that can be used to determine optimal process parameters
for a material by beginning with single laser tracks (with no deposition) and then moving
up to a thin wall specimen. This method is developed in the Julia programming language
and then applied in a case-study for the Niobium alloy C-103. Single laser tracks are used
to determine bounds in the process space and then a sequential learning approach is used
to sample across this space in order to determine optimized parameters for the density of
the nal part. The application of this method resulted in just over 50 specimens being
created, resulting in the determination of multiple parameter sets that yielded parts with
greater than 99% relative density, as well a process map that can be used to identify other
regions of the process space that may be of interest. The resulting model was then analyzed
using Shapley values to determine relationships between process parameters and density.
Shapley value analysis found that the z-step and dwell time played no role in the model's
prediction for density. Build speed and the mass ow rate had a mean absolute contribution

that was nearly double that of the laser power.
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CHAPTER 1
INTRODUCTION

1.1 Problem Statement and Motivation

AM is becoming an increasingly common tool to fabricate parts using materials that have
been dif cult for conventional, subtractive manufacturing as well as novel materials. How-
ever, one challenge with the adoption of AM is the need to develop process parameters
for new materials. Part quali cation is essential for adopting this manufacturing process;
however, this can be costly as it depends on the feedstock, material, and even the machine
being used[1, 2]. While existing literature [3, 4] or manufacturer-suggested settings can be
used as a starting point, unexplored or novel materials require parameter development from
effectively zero. Traditional experimental designs have been used for parameter develop-
ment [5, 6]; however, these techniques are limited by the fact that they are intended only
to nd a single optimal set of parameters. The processing space could have multiple local
optima that could be used to fabricate parts without defects, such as porosity and cracking.
Identifying multiple local optima could improve ef ciency, for instance, if one is identi ed
with a much greater deposition rate, but could also be used to determine what makes a set
of parameters “good,” helping to understand the underlying physics of the process better.
With that in mind, there have been various efforts to create process "maps” that can
be used to nd promising regions within the process space to fabricate parts. In the past,
the process mapping approach has focused on varying the scan or build speed and laser
power and then relating those to deposit characteristics, such as meltpool geometry or
grain size[7]. This work has been applied to various material systems and manufactur-
ing processes[8, 9, 10, 11]. For instance, Gockel et al. investigated the microstructure

of Ti-6Al-4V using an electron beam wire-fed process. Furthermore, process maps have



been developed for other characteristics, such as residual stress or the classi cation of de-
fects[12, 13]. More recently, computational methods have been introduced that can be used
to reduce the number of experiments needed for developing process maps[14, 15]. Others
have even used traditional experimental design approaches to create process maps, such as
Bhardwaj et al. using an Response Surface Methodology (RSM) experimental design to
create a process map for the dilution of single-track deposits[16]. These methods typically
use a tool such as Computational Fluid Dynamics software to predict meltpool properties
before validating with experiments. However, such approaches are limited when there is no
tabulated data with a material's thermal properties. Additionally, some work has been done
integrating an active or sequential learning approach to process optimization. As the name
suggests, these methods learn from iterated experiments and can then direct sampling, re-
ducing unnecessary exploration in regions of the process space that do not perform well. An
example of this technique is Bayesian Optimization. This has been applied for meltpool
control[17], parameter optimization with uncertainty on Ti-6Al-4V [18], and combined
with nite element analysis to minimize deformation of parts[19]. Dharmadhikari et al.
used a reinforcement learning approach to develop a process map for single-track stainless
steel deposits paired with a digital twin of the Eagar-Tsai model[20]. A limit of many of
these works is that these methods are developed for either single laser passes or single-
track deposits. However, some work in process mapping has been conducted exploring the
relationship between single-track deposits and the fabrication of bulk structures. Bax et al.
considered process maps for laser cladding and how the criteria for those maps, speci -
cally dilution, could be used to create process maps for larger parts[21]. Similarly, Whitt
et al. developed process maps for bulk structures after selecting process parameters by per-
forming a grid search on common Directed Energy Deposition-Laser Beam-Powder Blown
(DED-LB-PB) parameters and analyzing their dilution with two different criteria.[22]

This work presents a methodology that uses sequential learning to step from the single

laser passes with no material to a thin wall geometry. This represents a rst step towards



a model that can scale from these single laser passes to actual end-use parts. Additionally,
the resulting model is analyzed to determine the importance of different process parameters
to the model, allowing for an analysis of the process parameter's importance to the quality
of the nal part.

The methodology is used in a case study on the DED-LB-PB of the Niobium Alloy
C103. However, the methodology is general and could be applied to any manufacturing
process if the process parameters can be featurized for the model and tested over various
levels. Additionally, there must be some property to optimize that can be converted into
charges of differing magnitudes. Furthermore, the system could be used to optimize com-

puter experiments to reduce the required physical experiments further.

1.2 Thesis Organization

This work is organized into six chaptelstroduction, Background, Materials and Method-
ology, Results, Discussi@andConclusion Chapter 2 provides a background for the AM
technologies used in this work, a review of applications of AM to refractory metals, and
existing methods for process development. Chapter 3 details the methods to characterize
powder, fabricate parts, and assess them for density. It also describes the computational
methods used for the experimental design, statistical modeling algorithms, and feature im-
portance. Chapter 4 presents novel experimental results, and Chapter 5 discusses the signif-
icance of these results and puts them into the context of contributions to the eld. Chapter

6 summarizes the results and key takeaways from this work and recognizes some of the

limitations and opportunities for extensions and future work.



CHAPTER 2
BACKGROUND

2.1 Additive Manufacturing

2.1.1 Overview

The last few years have seen signi cant gains in the adoption of AM[23]. AM provides
numerous bene ts over traditional manufacturing processes. One of the major promises
behind AM is the ability to fabricate parts from materials that are dif cult for traditional,
subtractive manufacturing methods. These materials exhibit desirable properties but are
either too dif cult to machine or expensive, making the material waste from machining
complex geometries a signi cant barrier to entry. AM provides an alternative option to
manufacture components with these materials that can reduce cost and improve perfor-

mance.

2.1.2 Additive ManufacturingProcesses

ASTM 52900[24] describes in detail AM processes. AM is a catch-all term for processes
that join material based on some model data. AM processes include binder jetting, directed
energy deposition, material extrusion, material jetting, and powder bed fusion, among oth-
ers. These processes can then be further divided based on the energy source, feedstock
class, and form. AM can still be further distinguished between the state of fusion used and
how the material is distributed. The majority of AM processes for metallic materials work

on the principle of joining material in a melted state. The molten material solidi es into

the nal, desired geometry or a part requiring minimal machining to reach the speci ed

geometry.



2.1.3 DirectedEnergyDeposition

Directed Energy Deposition is an AM process that fuses material as it is deposited. This
differs from Laser Powder Bed Fusion (PBF-LB), which res a laser on a powder bed
because the material is delivered into a meltpool on a substrate rather than forming the
meltpool on the powder. A metal substrate, or build plate, forms the base layer onto which
the rst meltpool is created. This substrate can then translate, moving the meltpool around
and creating the part's geometry. The feedstock and the laser are typically part of one as-
sembly, called a deposition head, which then moves in the +z direction to begin depositing
a new layer while maintaining the same working distance from the part.

Directed energy deposition can come in many forms, usually distinguished by the ma-
terial feedstock and energy source. This work uses metal powder as the feedstock and a
ber laser as the energy source. Per ASTM 52900([24], this process is now known as DED-
LB-PB. A schematic of the DED-LB-PB process can be seen in Figure 2.1. In this case,
gas (typically Argon) is used to carry the powder from a hopper to the deposition head. The
powder then ows from the nozzles into a meltpool to build the part. The deposition head
has a central purge that ows Argon out to protect the optics from powder that might be di-
rected back into it. This is particularly important because DED-LB-PB tends to have a low
capture rate, meaning that a low percentage of the powder that ows through the nozzles
ends up in the nal part. This process can occur inside a build chamber full of Argon for
reactive materials like titanium[25].

This process has been used to fabricate parts using a wide range of materials[26]. The
ability to print various materials can even extend to a single part. Because DED-LB-PB
is directing powder only to the meltpool rather than using a bed of powder, it is possible
to change materials throughout the part, creating a graded material[27]. Additionally, if
multiple hoppers are used to feed powder to the deposition head, in-situ alloying can be

done by feeding different powders simultaneously.[28]



Figure 2.1: Directed Energy Deposition is an additive manufacturing process that uses an
energy source to create a molten pool into which material is deposited. The feedstock can
come in various forms, such as wire or metal powder, and typically only one is used at a
time. The process sequentially deposits layers of material onto a substrate in order to build
a geometry speci ed by a 3D model.

2.1.4 Additive ManufacturingProces$arameters

Numerous process parameters must be controlled in a DED-LB-PB process. When consid-
ering DED-LB-PB, these are typically the laser power, how the substrate translates, and the
mass ow rate. The substrate translation is typically in three axes; however, some machines
are equipped with fourth and fth axes for rotation. Additional parameters that could be
considered are the z-step, or how much the head translates in the +z direction, and the dwell
time, which is the time between the end of one layer and the start of the next. Some ma-
chines can vary the laser's spot size and have multiple sets of optics, which can change the

pro le of the laser beam. A Gaussian pro le is commonly used, but some works have seen
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bene ts in defect distribution due to changing the beam pro le to a uniform pro le.[29]

Because of machine-speci ¢ process conditions, additional features can relate process
parameters from different machines. Energy density is often seen arising from the PBF-
LB. The idea is to determine how much energy goes into the system as a function of the
build speed and laser power settings. This can be scaled so that it considers a single line, an
area, or a volume. This work, focused on building thin-walled parameters, uses the Linear
Energy Density (LED) featurization, which can be de ned as

P

LED =
v d

2.1)

whereP is the laser power in watts, is the build speed imm=s, andd is the laser spot
size inmm. The linear energy density has unitslsfmm?,

This speci c featurization is often used for parameter development as it can calculate
a range of values for process parameters. Another featurization, which accounts for the
different process dynamics in DED-LB-PB due to the mass ow, is the LED', described in

Wolff et al.[30]. This parameter considers the mass ow with

LED °= g (2.2)

v.dm

It includes the parameters from the previous featurization and the mass owrate,

2.1.5 Porosityin AM Parts

Several defects can occur in the AM process. Porosity is one of the most common defects
in AM parts. There are several types of porosity in AM parts, usually characterized by
the mechanism that causes them. The most commonly seen are Lack of fusion (LoF) and
keyhole porosity.[31]

The minimization of porosity is critical to developing process parameters for AM.

Porosity can have a detrimental effect on various properties of metal parts. Wang et al.



[32] found that pores can act as stress concentrators, greatly reducing the fatigue life of
components. These pores were able suf ciently to localize the strain to initiate cracks. Ad-
ditionally, these issues can extend beyond mechanical properties.Kumar et al. [33] found
that copper with 2.7% porosity had only 84.5% of the wrought thermal conductivity. These
losses in terms of performance make it dif cult to qualify AM parts, especially as replace-
ments for traditionally manufactured parts in critical applications. Therefore, it is vital to
develop process parameters that minimize the presence of porosity.

LoF defects are caused when the meltpool does not penetrate deep enough into the sub-
strate or layer. How deep the meltpool penetrates depends on process parameters, such
as the laser power and build speed. It is also a function of the material being deposited
and the material used for the substrate. Different materials will have different suscepti-
bilities to LoF defects based on their thermal properties.[34] However, it has been found
that increasing the power density reduces the formation of this type of porosity [35, 36,
37]. As previously mentioned, this is achieved by either increasing the laser power[36] or
decreasing the scan speed[37].

Once suf cient energy is being input into the process to avoid LoF defects, a laser weld-
ing process, such as DED-LB-PB, is in conduction mode[38], meaning that the conduction
is the dominant mechanism for heat transfer. However, if the energy input increases beyond
a certain limit, this then puts the process into keyhole mode. In keyhole mode, alloying el-
ements vaporize, creating a vapor cavity in the meltpool. This cavity can re ect the laser,
increasing the power density further. However, if this cavity collapses, it can leave behind a
void in its wake[39]. Keyhole porosity is more often seen in PBF-LB processes. This could
be attributed to the powder ow in DED-LB-PB, as the powder particles can attenuate the

laser, reducing energy transfer to the meltpool.[30]



2.2 Process Development

2.2.1 Overview

Figure 2.2: Creating process models is a method that can be used to describe manufactur-
ing processes. A process model considers the inputs, controls for nuisance variables, and
relates them to an output.

Process development generally refers to steps taken to determine process factors and
optimization. In this context, "process” refers to the statistical process model, not the
manufacturing process itself. What is being developed is a model that can be used to
explain and optimize machine parameters, not the development of a manufacturing process
itself. Process development aims to create a model, such as seen in Figure 2.2, that can
explain the process and then optimize the model for some criteria. It sho This consists
of recognizing the relevant inputs, known as factors, to the process and how they relate
to the output, known as the response, while controlling for nuisance variables, sometimes
known as co-factors. The most basic way to do this is sometimes called a one-factor-at-
a-time approach, which, as the name suggests, consists of beginning with a single factor,
identifying what causes an improvement, and then moving on to the next one. This process
is not particularly ef cient and can miss better combinations of factors, leading to a need

for more robust approaches.



2.2.2 Designof Experiments

Design of Experiments (DoX) provides a systematic approach to identifying relationships
between factors and responses. Once relevant factors are identi ed, levels are set for the
factors and varied throughout experiments to test different combinations of factors. Prop-
erly implemented, DoX blocks the effects of nuisance variables and mitigates sequential
effects of tests by randomizing experimental runs. Linear regression can then describe
relationships between the factors and their response. Other applications of DoX include
screening designs, which can be used to determine the relevant factors for a process, as
well as other designs, which can be used to identify interactions between factors for the
process. Ultimately, the goal of an experimenter using a DoX approach is to nd a pre-
sumed relationship such that

= f (X1; X2; 1255 Xk) (2.3)

where is a process model which is a function of inputs or factors; ::::; Xx wherek

is the number of inputs.[40]

2.2.3 FactorialDesigns

One of the most commonly used experimental designs is the full factorial design. This
experimental design takes some factansand some levelsy, to generate a design matrix,

the set of combinations that must be tested. Experimenters oftem as&, meaning the

design matrix will require2™ experimental runs. Using only two points for factor levels
requires an assumption that the behavior of that factor is a linear effect. If this assumption
cannot be made, then three factor levels can be used, now regBifriegperimental runs.

This allows for a center point, which can be used to check for curvature. However, if many
factors need to be considered, this experimental design can quickly become expensive as
it would require many experimental runs. This can be made worse if the experiments are

costly in terms of materials or time.

10



One step that can be taken to limit the number of experimental runs that need to be
performed is to use a fractional factorial design instead. These designs limit the number
of experiments that need to be performed at the cost of the "resolution” of the model.
This means that some of the higher-order effects between the factors will be lost; however,
it is generally more likely that interactions between more than three factors will not be

signi cant.

2.2.4 SequentiaExperimentaDesign

The true functions underlying AM processes can be dif cult to determine. Experiments
can be expensive, making it critical to reduce the number of experimental runs that need
to be performed. Furthermore, empirical models from DoX procedures cannot describe
global behavior, as global behavior on the response surface can vary signi cantly from
one "neighborhood” to another. Rather, these models can only approximate the function
in particular regions of interest. Therefore, these techniques cannot be applied across the
entire process space. Instead, they must be applied to speci c regions of the process space
to describe the local behavior. A sequential approach is needed to use these experimental
designs best. The sequential approach combines multiple experimental designs into an
iterative process. A general procedure for this approach, sometimes referred to as RSM,
is derived from Wu et al.[41], and consists of rst executing some variation of a screening
design if there are a large initial number of factors. Then, a rst-order design should be

executed to generate a model of the form

y= ot iXi + (2.4)

where ; is the linear effect of a factot;. This model should have center points to check
for curvature. This model is cheap to compute and requires fewer runs because it is not

checking for quadratic effects between factors. This model type should be used when far
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away from an optimum, as this maximizes ef ciency by concentrating experimental runs

in the optimal region. Once this model is created, a search method, such as the steepest
ascent, must be employed. In the case of optimization, this means taking the point from
the rst-order design that performed best and using it as a center point for a new rst-order
design. This process is repeated until there is a statistically signi cant amount of curvature.
Once this region is found, a second-order design can be used to generate a second-order

model of the form

Xk XK XK X
y= ot iXj + ij XiXj + i Xi + (2.5)
i=1 i<j i=1
where ; is the linear effect of factax;, j is the interaction between factorsandx; , and

i Is the quadratic effect of factor. This second-order design requires more experimental
and can be more expensive to compute. Therefore, it should only be implemented once the
optimal region has been determined.

A limitation of this procedure is that it requires prior knowledge of the general location

of the optimal point; otherwise, it could spend a lot of time searching through the process
space to nd this region. This is particularly undesirable from a cost perspective regarding
time or material. Another issue is that techniques such as the steepest ascent described in
the previous paragraph can only be used to determine one optimum. However, if one were
dealing with a process space containing multiple optima, the rst one discovered would
likely be determined by the starting point of the sequential approach. If different optima
need to be considered, for instance, if needing to nd another set of parameters to build a

fully dense but faster, then multiple optima need to be discovered.

2.2.5 Minimum EnergyDesign

Minimum Energy Design (MED) was rst presented by Joseph et al.[42] as a process opti-

mization method applied to the synthesis of nano-wires. Others have applied this technique,
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Figure 2.3: The intuition behind the minimum energy design is point charges of the same
sign in an enclosed space. These charges will naturally repel each other and settle into
an arrangement that minimizes the system's potential energy. When applying this method
sequentially, each experimental run can be considered a xed point charge. Calculations
then need to be performed to determine the point in the process space that can be tested and
add the least energy to the system.

and variations of it, to various manufacturing processes.[43, 44, 3] The physical inspiration
of this technique is taken from point charges in an enclosed space. If the charges are of the
same sign, they will naturally repel each other to nd an arrangement that minimizes the
system’s potential energy, such as in Figure 2.3. For applying this to process optimization,
each experiment can be considered a point charge with a xed location in the process space.
The value of the response from that experimental run can be converted to a charge, with
responses that are further from the optimum being assigned a greater magnitude of charge.
The sequential application of this method then consists of evaluating the system'’s total
energy based on the experiments that have already been conducted and then determining a
point that could be added while minimizing the additional energy to the system. Naturally,
itis impossible to know how a point in the process space, represented by a set of processing
parameters, will perform before experimenting. Because of that, a computational model
can be trained on the existing data to make predictions about future experimental points.
This method has several advantages for the development of process parameters. For

instance, this method limits the number of experimental runs that need to be conducted in
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poor-performing regions of the process space. The charge assigned to those experimental
runs repels further experimental points placed in those areas. This differs from the tra-
ditional experimental design framework that requires carrying out all the experiments in

a generated design to be able to complete the calculations. In this case, the information
gained from a single experiment can be used to abandon these poor-performing regions
quickly. Another advantage of this design is that it strikes a balance between exploration of
the process space, that is, running experiments in regions about which little is known, and

exploitation, which focuses on the best-performing region.

2.2.6 Applicationsto Additive Manufacturing

Process development for AM generally involves optimization or mapping. Optimization
focuses on determining parameters that can fabricate parts that maximize some property.
Mapping instead focuses on creating "borders” in the process space that can be used to
determine regions that are expected to behave a certain way. Some regions one might want
to map in the AM process space would be those likely to cause speci c types of porosity,
such as keyholes or LoF. This could then effectively block off those regions of the process
space and determine one where these defects should have limited effect.

Much work has been done on process optimization for AM. Depending on the project's
goal, various criteria have been used for the optimization objective. Yadav et al. [6] used a
full factorial approach to optimize density. The levels for this experiment were determined
by rst testing various combinations of factors to determine upper and lower bounds that
could be for deposition without defects. Padmanaban et al. [45] used a central compos-
ite face-centered design, which is a RSM approach, to optimize a magnesium alloy for
tensile strength. This required a large number of initial runs to determine their parame-
ters' working limits. Svetlizky, et al. [5] instead focused on optimizing dilution using a
RSM approach. It should be noted that some work has been done comparing the predictive

power of RSM approaches as compared to other interpolative approaches such as Gaussian
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Process Regression (GPR), notably the work of Simpson et al.[46] which found that the
GPR model outperformed the RSM model. It was noted at the time that the GPR model
was more computationally expensive, however, the work was published more than 20 years
ago, during which computational costs have dramatically decreased.

Aboutaleb et al. applied a MED to a PBF-LB process. Their work focused on the use
of past, similar experiments in order to accelerate process development. In both simulation
and experiments, their framework was able to reach optimized parameters signi cantly
faster than traditional DoX methods by using information from previous studies, speci -
cally, optimized parameters from different machines. Predictions were made for new ex-
perimental points using Inverse Distance Weighing. This method is similar to the method
used in this work, however, it does not make the same assumption of spatial autocorrela-
tion. However, because of this assumption, the inverse distance weighting method is better
able to extrapolate than other prediction methods such as kriging (also known as gaussian
process regression).

All of these objectives can be used for different purposes. Density tends to correspond
to determining a set of process parameters that will build parts that are defect free, as de-
fects can directly impact different properties of parts[33]. However, suppose one primarily
focuses on developing a part for a static load scenario. In that case, optimizing for tensile
strength may be more bene cial than beginning with minimizing porosity. Valentino et
al.[47] found that some parameter sets that optimized density also introduced cracking that
signi cantly worsened the mechanical strength of the part. This shows that the optima for
one property, such as density, does not necessarily match the optima for another.

Process mapping can classify areas of the process space based on what is most likely to
occur. Aoyagi et al.[48] used a Support Vector Machine. In this case, the surface condition
and the geometric accuracy of the part to the 3D model were considered and the parts
were labeled as “good” or“bad.” They found they could create net-shape parts if they chose

parameter sets that maximized the distance from the hyperplane, meaning that parameter
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sets that were well beyond the decision criteria for “good” or “bad”. In contrast, positive
values close to the hyperplane could easily drift due to instabilities in the AM process.
Bax et al.[21] created a process map for DED-LB-PB by depositing 100 single tracks. The
dilution of these tracks was then measured to create a map that showed ranges of process

parameters that could be used to meet desired deposition rate, density, and dilution.

Figure 2.4: A generic example of a process map for defects in a PBF-LB process. Various
combinations of parameters would be tested and analyzed in order to classify the defects
occurring in those regions of the process space. A map could then be created that would
identify the likely outcome in terms of defects for a given combination of process parame-
ters. This a relatively simple example using just two process parameters, scang@eed (

laser powerP), but shows a typical outcome for process mapping in terms of printability.
This gure is adapted from Johnson et al.[49]

There has been much work to develop process maps and resulting process models that
can be used to quickly develop and optimize parameters for AM. The work of Johnson et
al. [49] shows an example of a “printability map” which can be used to determine regions
of the process space that are likely to cause speci ¢ defects and regions that should print
defect-free. This map was experimentally validated after being based on both a Finite Ele-
ment model and a computationally cheaper Eager-Tsai model. A similar approach was used
by Tapia et al. [50] by using a spatial GPR to develop a process map for PBF-LB to predict

porosity of stainless steel deposits. Another work was done by the same author, though this
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time including simulation results in the development of the model.[51] A generic example
of these types of process maps can be seen in Figure 2.4.

One of the major issues with the development process maps is the uncertainty of pa-
rameters. As mentioned in Aoyagi et al.[48] parameter drift throughout the process can
result in parts that do not perform as predicted. Lopez et al. [52] addressed issues of model
uncertainty resulting from the process parameters. Their work was looking at PBF-LB,
speci cally issues of laser absorption and thermal gradients depending on the size distribu-
tion of the powder surrounding the meltpool. The DED-LB-PB process has similar sources
of uncertainty in modeling due to laser attenuation due to the powder stream[30] as well as
issues with consistency in mass ow rate. These issues are characteristic of the process but
are dif cult to include in simulations used for process mapping.

The other issue to consider with process mapping is the generalizability of the models
themselves. The models developed from these efforts tend to be speci ¢ to the material,
machine, and even geometry being used. The speci city of the models to these conditions
limit their utility to the scienti c community at large. Witherell et al. discuss this in high-
lighting the need for “meta-models” that are composable and re-usable, depending on the
objective.[53] That is, a model that can choose speci ¢ features or factors to consider de-
pending on what is trying to be predicted or optimized. In order for these models to be
developed, it is necessary for ongoing model development to clearly specify things such
parameter ranges, selected inputs and outputs, limitations of the model, and even which
speci ¢ parts of the manufacturing process are being modeled. This will aid classifying
models to create a meta-model that is more generalizable.

It should be noted that process development should not be a matter of only optimization
or only mapping. Rather, both need to be used in conjunction, especially when developing
novel materials. If working with material with no published literature or other types of past
data that can be used as insight for a starting point, costly experiments could be spent in

unpromising regions of the process space. Process mapping could be used to more easily
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determine the best region to start in or recognize that the processing window is very small
and that this material may not have much promise in AM. However, both mapping and
optimization may require a substantial number of experiments. Therefore, for materials
with limited published work, it is important to develop methods that can be used to map

the process space and identify optima simultaneously.

2.3 Refractory Alloys

2.3.1 Overview

One class of materials that has been getting increased attention in AM work is the re-
fractory metals. Refractory metals used for structural applications typically include Nio-
bium, Molybdenum, Tantalum, and Tungsten.[54] Refractory metals, and their alloys, are
especially attractive for certain aerospace and energy applications due to their ability to
withstand extreme temperatures. However, refractory metals tend to have poor oxidation
resistance in these extreme temperature ranges[55]. This and their generally poor fabri-
cability[56] stymied their adoption. Niobium and Tantalum have seen the most use, with

Niobium being preferred due to its lower density.

2.3.2 TheAlloy NiobiumC103

Nb C103 (Nb-10Hf-1Ti)[55] is often used in aerospace applications, primarily due to its
relatively low density. For comparison, Nb C103 has a density of 8.85gdwhereas

TZM (M0-0.8%2Zr-0.5%Ti-0.02%C), a molybdenum alloy commonly used in aerospace
and other extreme applications, has a density of 10.16%%8&h Wojcik notes that at least

as far back as 1993, most fabrication of Nb alloys was done via high-temperature forging
or extrusion. However, this then requires additional machining, which Mireles[56] claims
could result in material waste as high as 98% and signi cantly increases the buy-to-y
ratio of a component. Additionally, he claims that Nb C103 is dif cult to machine, leaving

a limited number of machine shops able to do so while meeting tight tolerances required
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for specialized applications.

2.3.3 Applicability in Additive Manufacturing

Nb C103 remains a material of interest[59] despite challenges in fabrication. Mireles
showed the AM's capability to produce complex geometries using PBF-LB.[56] He found
that Nb C103 parts made using PBF-LB showed greater mechanical properties than tradi-
tionally manufactured Nb C103, which was attributed to smaller grain size and potentially
distributed oxides. It should be noted however that this study used a limited number of
samples, so there are potential effects from build-to-build variation. Awasthi et al. [60]
also built Nb C103 with PBF-LB. They applied an energy density of 121 3/amd built
parts with greater than 99% density. However, they did note the presence of some LoF
defects. The work did nd the AM parts also had mechanical properties exceeding that of
wrought components, though at the cost of some ductility. They suggest that the reduced
ductility could be due to the cell dislocation structure or the LoF defects. With ductility
being an important advantage of Nb C103 over other refractory metals, this reinforces the
importance of being able to fabricate defect-free parts.

These two works highlight the potential for AM to produce parts using Nb C103. How-
ever, to the author's knowledge, no published work for Nb C103 uses DED-LB-PB. There-
fore, this work presents a framework for parameter development for DED-LB-PB and a

rst work in DED-LB-PB of Nb C103.

2.4 Computational Tools

2.4.1 Overview

Two important computational tools are used in this work. Gaussian Process Regression
is used to predict the process for untested combinations of process parameters as part of
implementing the sequential MED. Shapley values are then used to evaluate the model and

generate explanations for the predictions that the model makes.
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2.4.2 GaussiarProcesfRegression

GPR is a supervised machine learning technique to make data predictions. Unlike more
typical linear regression, GPR is a set of probabilities used to describe the data. With
standard linear regression, given some data, the model will t a function to it, and then that
function can be used to make predictions about new, unseen data. With GPR, the model
considers the in nite functions that could be used to t that data and de nes a distribution
over these functions. As the model gets more observations, it can prune the functions
that do not describe the data and assign probabilities to the remaining ones based on how
well they t. In brief, a Gaussian Process Model describes the probability distribution of
possible functions to t the observed points. A mean value can be calculated because the
probability function is de ned for all possible functions. That mean value represents the
model's prediction.

One major advantage of GPR is that it includes uncertainty measures for each predic-
tion. Because the probabilities are de ned for all possible functions, not only can the mean
be calculated, but also the variances. This can be used to indicate the uncertainty in the
model's prediction. The built-in uncertainty quanti cation in the GPR helps to identify the
areas of the process space that the model knows least about and can also help evaluate the

model's predictions.

2.4.3 Shapleyalues

A challenge when using black-box machine learning models, such as a GPR, is that it can
be dif cult to understand the model's predictions. While the prediction itself is just a value,

it is important to know where that value came from, as this can inform future studies to try

to understand the underlying physical mechanism. Accomplishing this can be easier with
linear regression, as parameters have constants that can be used to weigh the effects of dif-
ferent features. However, in black-box models, these constants are hidden from the user,

making it dif cult to determine which features affect the prediction in which way. An ap-
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Figure 2.5: Shapley values provide a way to quantify the marginal contribution of a feature
value to a model's prediction. In the example of this gure, features 1 and 3 provide a
positive marginal contribution from the baseline prediction. Feature 2 is a negative con-
tribution. Calculating Shapley values provides a way to determine how different process
parameters affect the model and their importance to its predictions.

proach that can be used to approximate the importance of different features in the model is
Shapley values. Shapley values originate from a game-theory approach used to calculate
the payouts to players in a coalition[61]. In other words, it is a way to assign value to play-
ers, or in this case, features, based on how much they contribute to an outcome. Used on a
black-box machine learning model, this can be used to determine how much the prediction
changed based on the value of a feature. One can take the mean prediction of the model
as a baseline, and then the Shapley value for a feature is approximately how much that
feature's value caused the prediction to go up or down. An example of this can be seen in
Figure 2.5, showing how the Shapley values work. Features 1 and 3 have positive Shapley
values, increasing the model prediction from the baselines. Feature 2 has a negative value
so it would lower the model's prediction. Adding these marginal contributions together
represents a net change from the baseline or average prediction. Shapley values provide

important insights into how the model performs globally and locally. Globally, because
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they identify which factors the model deems important, it helps to ensure that the model is
consistent with physical explanations. Locally, it shows how a model came to a prediction,
which can help to recognize how the model has generalized over data.

While Shapley values are an incredibly powerful tool for determining the contribu-
tion of features, their downside is that their calculation becomes increasingly complex as
features are added. However, approximations of Shapley values are generally suf cient.
Among the most common are the sampling values method and the quantitative input in-
uence method[62]. This work uses the Shapley sampling values method, as described by
Strumbelj et al.[63]. This approach uses quasi-random sampling to determine the effect of
each instance of a feature by taking the difference between the model's predictions with
and without that feature. This can then be averaged as the mean contribution of the value
of that feature. This is then repeated for other values of the other features to account for
interactions between features.

Some works have used this approach in AM to determine important features for de-
sired properties. Cooper et al.[64] used machine learning, Shapley explanations, and in-
situ measurement of the meltpool to determine important process parameters and desirable
conditions for optimizing tensile strength. Similarly, Lee et al. [65] used Shapley values to
determine the importance of different process parameters in predicting part geometry and

porosity.

22



CHAPTER 3

MATERIALS AND METHODOLOGY

3.1 Nb C103 Powder

Table 3.1: Elemental Composition of Nb C103 provided by ATI[66]

Element

Weight%

Titanium
Hafnium
Zirconium
Tungsten
Tantalum
Oxygen
Nitrogen
Carbon
Hydrogen
Niobium

0.7-1.3
9-11
<0.7
<0.5
<0.5
<0.0225
<0.01
<0.015
<0.0015
Balance

The C103 powder used for these experiments was manufactured by ATI, with the com-

position seen in Table 3.1[66]. The manufacturer reports that the powder has a nominal

size distribution of 53 um to 180 um, with5% of the particles at both -325 mesh and +80

mesh.

Figure 3.1: SEM image of the Nb C103 used in DED-LB-PB process. As can be seen, there
are some irregularities in the powder, which can be attributed to the recycling process.
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3.2 Powder Characterization

The powder was sieved with mesh sizes -100/+325 on a shaker table (Retsch AS200) for
10 minutes at a time with an amplitude of 60% (0-3mm range) to ensure that particles were
distributed between 45 um and 150 um, which is the range speci ed by the DED-LB-PB
system. Sieving took place inside of Argon glove box in order to limit exposure of the pow-
der to oxygen. Powder samples were collected from a bottle used for mass ow calibration.
This powder owed directly into the bottle inside an Argon environment and was sealed
and kept in a controlled environment. The container was not opened outside of an Argon
environment until it was removed for measurement. An SEM of the sieved powder can be
seen in Figure 3.1. The image was taken using a Phenom XL G2 SEM at 500x magni ca-
tion, a focal width of 1.04 mm, high voltage output of 5kV, point interpolation, with full
backscatter diffraction, at a working distance of 6.093 mm and a pressure of 0.10Pa. As
can be seen in the image, the powder is mostly spherical. However, the powder has some
irregularities, likely due to the recycling process. The powder size was also analyzed using
a Malvern Mastersizer 3000.

The skeletal density of the Nb C103 was determined using a helium pycnometer, fol-
lowing ASTM B923[67]. The test used a Micromeritics AccuPyc Il 1345 Gas Pycnometer
with ultra-high purity helium gas at 134.347 kPa. The 3.5 ceil (0.02 % precision) was
used with 17.5643 g of powder measured on VWR-164AC analytical balance (0.01 mg ac-
curacy). The AccuPyc Il 1345 has an accuracy of 0.03% and ve readings were taken. The
skeletal density of the Nb C103 powder was 8.832 d/cifhe theoretical density of Nb

C103 is 8.85 g/crhThe standard deviation across the readings was 0.0023.g/cm

3.3 Directed Energy Deposition Equipment

Test specimens for this work were manufactured using an Optomec 860 MTS (Optomec

Inc., Albuquerque, NM, USA). The machine has four independent hoppers that feed metal
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Figure 3.2: The Optomec build chamber in the setup used for printing thin wall specimens
on molybdenum substrates. Prints went along the +x direction, and then new prints began
along the +y direction.

powder to the deposition head. One of these hoppers was lled with the Nb C103 and was
used consistently throughout this work, limiting the effect of exposure to oxygen which
powder changes could have caused. The build chamber is a hermetically sealed, inert
environment pumped full of Argon. All builds were done with the €&nsor reading less

than 40 ppm.

The Optomec uses a Siemens controller and numerical control using Sinumerik 840D
sl. The CNC software version is V04.08 + SP 03 + HF 01. Programs for the fabrication
of test specimens were written in g-code and uploaded to the Optomec. The antechamber,
blower, and purge cycle for the Optomec are controlled by a separate HMI, a Siemens
Simatic using an @sensor and Inert PureLab software (Inert, Amesbury, MA).

The machine has a 2 kW laser with a spot size of 600 um and a focal length of 200 mm.
The laser used in this system is an nLight CMP-3000 (nLight, Vancouver, Washington)
with a wavelength ofl070 10 nm The inside of the chamber can be seen in Figure 3.2,
along with the xturing for molybdenum substrates.

The Optomec 860 MTS has two deposition heads, one with four concentric nozzles
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Figure 3.3: Close-up of the deposition head used for this work. The four concentric nozzles,
seen here as they are when installed, carry powder, and the central hole blows Argon to
protect the optics. The nozzles can easily be damaged or clogged by the printing process,
SO regular inspections were necessary to ensure that powder blockages were not affecting
the quality of prints. Photo credit: Andrew Hutchinson

and a coaxial head. The head with four concentric nozzles was used in this work, seen in
Figure 3.3, which shows the nozzles and the center purge used to protect the optics. The
powder is taken from the hopper(s) and mixed before being separated into the four nozzles.
Before each print, the nozzles had to be examined to ensure they were free from debris from
previous prints. These are typically particles that melt and stick to the nozzles, which can
block the powder ow and affect the quality of prints due to uneven powder distribution.
The brush seen in Figure 3.2 is used to knock these off of the nozzles. Then Argon is run
through the lines to clear blocked powder from the previous prints, as this can sometimes
contain powder from a different material that would affect the properties of test specimens.
The nozzle openings must also be inspected, as overbuilding parts can sometimes collide

with them and force them closed.
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3.4 Build Strategies

3.4.1 SinglePasd aserTracks

Single-pass laser tracks were done on specimens of Nb C103 to determine parameter lim-
its for sampling. The laser passes were performed using 5 speeds from 8.47 mm/s to
16.93 mm/s with increments of 2.12mm/s. The laser power was varied from 800 W to

2000 W using increments of 200 W. The laser tracks were 1 cm in length, starting at the

end of the specimen nearest the operator and moving in the -y direction. The experimen-
tal runs were done randomly, and tracks were spaced to minimize sequence effects. The
specimens were xed to a Ti-6Al-4V substrate. Once all laser passes had been done, the

specimens were sectioned using an EDM.

3.4.2 Thin Walls

Thin wall specimens were deposited on a molybdenum substrate measuring 152.4 mm in
length and 76.2 mm in width using the Optomec 860 MTS. All specimens were 19.05 mm

in length and had 25 layers. The nominal height of the specimen varied as it is a function
of the deposition head's increment in the z-direction between layers. The test specimens
were "thin walls” because they had no hatching, just the thickness of a single laser pass.
A thermocouple was attached to the substrate to ensure a consistent starting temperature
between builds. Before each build, the deposition head moves to the starting pointand ows
powder through the nozzles for fteen seconds to stabilize the mass ow before beginning
the build. The thin wall program has a lead-in of 2.54 mm to account for acceleration effects
on the deposition head and ensure that the specimen is built at a constant build speed. The
initial distance from the deposition head to the substrate was set by touching off from a
block of known height and then setting a work offset on the machine. This initial distance
was 5.72 mm and was used for every build. All builds in this work were done with a back-

and-forth build strategy, meaning the deposition would go in the +x direction for one layer
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and then return in the -x direction for the next.

For the initial sampling, 30 specimens were printed all at once. For these, the coordinate
system for the Optomec was set with the top left corner of the left build plate as (0,0) in the
xy-axis. First, builds were all performed in the +x direction, starting from an x-coordinate
of 0. The next build would then begin 12.7 mm away in the +y direction. Once a "column”
of prints was done, the initial x-coordinate was set to be 25.4 mm in the +x direction. A
set of test specimens on a molybdenum substrate can be seen in Figure 3.4. Once all the
specimens had been removed, both substrates were resurfaced using the mill. Specimens
using parameters derived from the sequential learning approach were fabricated one at
a time, always in the top left corner of one substrate, before being removed for density
testing.

As previously mentioned, the nozzles were examined between prints to check for balls
of molten material stuck to the nozzles or damage. Once a build was performed, the sub-
strate was removed from the build chamber through the antechamber, and the build was
removed from the substrate using pliers. Specimens were then ground on a belt sander to
remove any part of the molybdenum substrate still attached to the specimen, and sintered

powder stuck to the bottom layers.

3.5 Machine Parameter Methodology

3.5.1 DirectMachineParameters

The laser power, build speed, z-increment, and dwell time parameters can be input directly
into the g-code program to build thin walls. The laser power is the output of the ber laser.
The build speed refers to the speed at which the table translates in the x-direction. The
z-increment is the step size of the deposition head in the +z direction between layers. The
dwell time is the amount of time before beginning a new layer. The spot size and working
distance were kept the same throughout all builds. The carry gas ow rate, which is the

ow rate of the Argon carrying the powder to the deposition head, was 5.08 L/min, as set by
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Figure 3.4: Test specimens, measuring 19.05 mm in length, were deposited on a Molybde-
num substrate. All specimens were 25 layers. A thermocouple attached to the substrate was
used to ensure that builds were undertaken at a consistent starting temperature to eliminate
thermal effects on the quality of builds.

valves on the side of the Optomec. The working distance, in this case, the initial distance
of the deposition head to the substrate, is set by placing a small block of known height on

top of the substrate and touching off from it.

3.5.2 CorrelatedVlachineParameters

A speed setting for a motor attached to the powder hoppers determines the mass ow rate.
The motor spins, taking powder into openings connected to the lines carrying powder to
the deposition head. As such, the only setting that the program can control is the speed at
which this motor turns, meaning that this does not correspond to a speci ¢ mass ow rate.
Instead, the mass ow rate must be calibrated each time builds are performed, as the mass
ow rate can change based on the level of powder in the hopper. A setup with a bottle of
powder and a scale is used to perform this calibration, as seen in Figure 3.5. The program
ows powder through the nozzles for 15 seconds in order to stabilize the mass ow rate.

The head then moves over the bottle and scale and deposits powder for one minute. The

29



recorded change in mass of the bottle is used to determine the mass ow rate over one
minute. Repeated measurements are taken at various RPM settings for the motor to cover
the full range of mass ow rates to be tested. The data is then t with a linear function that
can be used to determine the RPM setting that corresponds to a desired mass ow rate. A
limitation of this method is that it measures the average mass ow rate over time but does
not account for instantaneous changes in mass ow rate that can arise throughout a build.
One possibility of an irregularity is clogging that occurs inside the powder lines. This can
result in a mass ow rate signi cantly different than the nominal setting. These are rare
and usually result in obvious visual changes in the part. When such issues happened, the
Argon gas ow rate was raised to 8.47 L/min to clear the lines. Sample data for mass ow

rate calibrations are included in the appendix.

Table 3.2: Range of machine parameters for generating experimental points with Sobol
sequence.

Parameter Low High Units
Laser Power 500 2000 Watts (W)
Build Speed 4.23 14.82 millimeters per second (mm/s)

Mass Flow 2 6 grams per minute (g/min)
Z-Step 0.15 0.30 millimeters (mm)
Dwell Time 0.1 5 seconds (S)

3.5.3 ParametebevelopmenRanges

To the author's knowledge, there is no published literature on DED-LB-PB of Nb C103.
The single-track laser passes on Nb C103 specimens were performed to determine the
ranges of parameters to use for sampling. These specimens were sectioned, and the depth
of their meltpools was measured to determine a processing window. These resulted in
the parameter ranges detailed in Table 3.2, which were used for generating parameter sets

throughout this work.
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Figure 3.5: Mass ow rate was calibrated using a scale to correlate different machine set-

tings with a mass ow rate. The powder was deposited into a bottle, and the change in mass
over one minute was recorded for different motor speed settings. These were then t with

a function to determine the speed setting corresponding to a desired mass ow rate.

3.6 Part Characterization

3.6.1 Density

Archimedes density analysis was performed following the procedure in ASTM B962-
17[68], with Nb C103's theoretical density taken to be 8.85 §/{#®] The rough surface
where the specimens were removed from the substrate could have trapped air pockets which
would affect the reading, so specimens were rst sanded using a belt sander to remove these
surface irregularities. The specimen was submerged in a beaker lled with Mobil DTE 24
hydraulic oil, placed in a vacuum chamber, and held at 7 kPa for 30 minutes before being

returned to atmospheric pressure for another 30 minutes. The specimen was massed in the
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air using a Mettler-Toledo XPR225DU analytical balance readable to 0.0001 g before be-
ing submerged in distilled water and massed again. The Mettler-Toledo XPR225DU has a
built-in Archimedes density protocol that outputs a density. This density is used then used

to determine a corrected density using the following relationship

A water
__ ——— . 1
part B = (3 )

whereA is the mass of the specimen without dl,is the mass of the specimen after oil

impregnation andF is the mass of the oil-impregnated specimen in water.

3.6.2 Metallography

Selected specimens were analyzed metallographically. These specimens were mounted in
PACE Conducto-5 with a Terapress Metallographic Press, ground, and polished on a PACE
FEMTO-1500S auto-polisher. Specimens were rst ground until planar using 240-grit SiC
paper, followed by two minutes at 320, 600, 1000, and 1200-grit SiC. The Nano head speed
was 200 RPM, and the Femto head speed was 100 RPM. Then, the 1 um diamond solution
was used for 2 minutes. Etching was done using ASTM 161[70] for 90 seconds. Photos

were taken using a ZEISS Axio Observer.

3.7 Minimum Energy Design

3.7.1 Initial Sampling

Some initial sampling is needed to train the model for the MED. Ideally, this sample is
uniformly distributed over the process space. Thus, a Latin Hypercube Sampling (LHS)
technique is used to generate the initial sample of parameter combinations used for train-
ing. LHS generates a hypercube with the dimensions of the parameter boundaries. This
hypercube is split into sections based on the number of generated points. A random sample

is then taken from each of these sections. Thus, the LHS is a quasi-random sample but

32



reduces the number of experiments needed to ensure that the sample is representative of

the true variability.

3.7.2 Implementation

The previously discussed LHS is used as the initial dataset to train the model. These sam-
ples represent the entire process space, meaning that the model should be able to interpolate
between values, greatly increasing its effectiveness.

Once the initial experiments have been conducted, the response of each experiment

must be converted into a charge. In this work, the charge function used was

a0 = B (3.2)

wherex is the relative density of the part. Then, for each pair of experimental points in the

system, the energy is calculated as the charge product divided by the Euclidean distance,

_ P g
E = 5.3 (3.3)
where
p
D= (1 w)?+(p2 )2+ i(pn G)? (3.4)

The sum of these energies represents the current total energy of the system. A Gaus-
sian Process Model is then t to the data, and the hyperparameters are optimized using the
L-BFGS method to predict 10,000 candidate points generated by Sobol sampling. Sobol
sampling is used as it will produce a uniform distribution but will avoid the "hot spots” that
could arise from using a random sample. The prediction from each point is then added to
the system to determine which minimizes the additional energy. The combination of pa-
rameters is then tested experimentally, and its data is added to the system before generating

new points to test. This procedure is summarized in Figure 3.6.
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Figure 3.6: Implementing a sequential minimum energy design consists of rst training a
model with some initial sampling. These samples are then used to make predictions on a
guasi-random sample of parameters. Calculations are then performed to determine which
set of parameters would add the least "energy” to the system. That parameter set is then
used to print a test specimen, whose results are added to the dataset to train the model again.

3.8 Model Development

This section details the steps used in the preparation of data used in developing the GPR
model. GPR, a supervised learning approach, makes predictions by incorporating prior
knowledge in kernels. In this case, the GPR was used to predict the resulting density of a

thin-walled specimen given a set of process parameters.

3.8.1 SoftwarePackages

The Julia programming language[71], an open-source scienti c computing language, was
used for the implementation of the computational aspects of this work. The Gaussian Pro-
cesses package[72] was used to tthe model and kernels. The Optimization.jl package was
used to optimize the model's hyperparameters using

Limited-Memory Broyden—Fletcher—Goldfarb—Shanno (L-BFGS) optimization. A full list

of packages used for this work and their versions can be found in the appendix.
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3.8.2 ExperimentaDataandModel Formulation

The GPR models used experimental data from the prints conducted in this work. The
inputs to the models were the laser power, build speed, mass ow rate, z-step, and dwell
time. The values for these features were spread across the ranges de ned in Table 3.2. For
the model that considered the LED rather than build speed and laser power independently,
the LED feature was formulated using Equation 2.1. The model's response, its output,
was the relative density of the part. The relative density is simply the density of the part
measured via the Archimedes method and divided by the theoretical density of the material.
Co-factors would be the carry gas ow rate, the starting temperature of the substrate, the
laser spot size, and the center purge of the deposition head; however, all of these were held
constant throughout the experimental data collection.

The GPR model was con gured using a Radial Basis Function (RBF) kernel and a noise
kernel. The RBF kernel is commonly used in GPR because it has some nice properties in
terms of tunability and is appropriate for modeling physical processes where nearby points
will behave similarly. The noise kernel is added to account for the parameter drift that
can occur as part of the DED-LB-PB process. Length scales for both kernels were set to
0.1. The model is t using these kernels, and the hyperparameters are optimized using the

L-BFGS method from the Julia Optimization package.

3.8.3 DataTreatment

The experimental data used in this model was standardized such that it was all scaled to
have its mean centered at zero with a standard deviation of 1. It was important to stan-
dardize the data because of the signi cant differences in magnitude between the different
features. For instance, the laser power is often in the order of thousands, whereas the z-step
is in tenths. Signi cant differences in scale between features could make the model unduly

sensitive to changes in the feature's value, depending on the length scale.
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3.8.4 ModelValidation

The models developed in this work are validated using leave-one-out cross-validation. This
method works by training on the entire dataset except for one point and then predicting that
one point. This way, each point in the dataset is used as a test point. The error of these
predictions can then be considered to create a metric for evaluating the model in terms of
prediction error. Thék? of the model is also considered, which is just a measure of how
well the inputs to the model can explain the model's response. Additionally, the distribution

of the residuals (speci cally, their resemblance to a normal distribution) is considered.

3.9 Shapley Values

The ShapML package for Julia was used for the calculation of Shapley values. This model
implementsStrumbelj et al.'s[63] method for approximating Shapley values. The program
analyzed 300 predictions from the model and the number of Monte Carlo samples was set

to 60. All code was executed on a Macbook Pro with an M1 Max chip.
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CHAPTER 4
RESULTS

4.1 Powder Sizing

Thed,, dsg, anddyg Of the particles, referring to the mean 10th, 50th, and 90th percentile
of particle diameters taken over 17 measurements, were 64 um, 91 um, and 130 pum respec-
tively. A graph of the powder size distribution can be seen in Figure 4.1 with estimdgated

dso, anddgg indicated.

Figure 4.1: PSD shows the size distribution of the Nb C103 powder used in this work.
Thed,q, dsp, anddgg were 64 um, 91 um, and 130 um respectively. Lines on this gure are
estimates of these values.

4.2 Laser Tracks

Single-track laser passes were done on Nb C103 specimens to determine appropriate bounds
for the initial sampling. Examples meltpools from this work can be seen in Figure 4.2. The
meltpools seen in a) and c) of these images show relatively shallow and narrow meltpools.
These laser tracks were done at 1000 W and 1200 W with a build speed of 14.82 mm/s. By

comparison, the b) and d) laser tracks show much wider and deeper meltpools. These were
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