A Framework for Scalable Part-scale Laser Powder Bed Fusion Simulation

by

Xin Liu

A dissertation submitted in partial fulfillment of

the requirements for the degree of

Doctor of Philosophy

(Mechanical Engineering)

at the

UNIVERSITY OF WISCONSIN-MADISON

2024

Date of final oral examination: 08/16/2024

The dissertation is approved by the following members of the Final Oral Committee:
Frank Pfefferkorn, Professor, Mechanical Engineering
Vadim Shapiro, Professor, Emeritus Mechanical Engineering
Krishnan Suresh, Professor, Mechanical Engineering
Lianyi Chen, Associate Professor, Materials Science and Engineering

Shiva Rudraraju, Associate Professor, Mechanical Engineering



© Copyright by Xin Liu 2024
All Rights Reserved



A FRAMEWORK FOR SCALABLE PART-SCALE LASER POWDER BED
FUSION SIMULATION

Xin Liu

Under the supervision of Professor Frank Pfefferkorn

At the University of Wisconsin-Madison

The objective of this research is to build a thermomechanical simulation framework
for the Laser Powder Bed Fusion (LPBF) process which is capable of capturing the
effect of scanning path for part-scale problems. Additive Manufacturing (AM) has
revolutionized the production of complex components across various industries.
As one kind of AM technique, LPBF is a method that enables the fabrication of
intricate metal parts layer by layer using a high-energy laser beam to selectively
melt and fuse metal powder. While the LPBF process holds immense promise for
advancing manufacturing capabilities, the optimization of process parameters and
the prediction of final part quality remain significant challenges due to the complex
thermal history. The complex thermal history directly influences the microstructure,
mechanical properties, and overall performance of the final part. Simulation of the
thermal history and the residual stress is a critical step toward understanding these
complexities. However, the conventional simulation approach is computationally
expensive and not applicable to the part-scale problem. In this thesis, I proposed a
thermomechanical simulation framework for the laser powder bed fusion process.
The proposed framework includes the thermal and mechanical simulation approach

on multiple scales and their synergistic integration. On the path level, I developed a
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scalable PBF thermal history simulation which is validated by melt pool images. I
validated the simulation against melt pool images captured with the co-axial melt
pool monitoring (MPM) system on the NIST Additive Manufacturing Metrology
Testbed (AMMT). Based on the path-scale thermal history, I developed a framework
for simulating the LPBF process residual stress. I developed this framework by
introducing a new concept termed effective thermal strain to capture the anisotropic
thermal strain near and around the melt pool. I validated my approach with the
high-fidelity results from the literature. I developed a layer-level thermal simulation
approach that considers the laser scanning paths. I further synergistically integrated
the path-level and layer-level methodologies. The proposed simulation framework
provides efficient path-level thermomechanical simulation results, predicting the melt
pool length with only a 10% relative error compared to experimental data. Compared
with existing approaches, the path-level simulation requires only 1/45 of the number
of discretized elements to simulate the same problem as studied in the literature. This
integration further enables efficient access to the path-level thermal history within
complex part-scale 3D structures. This research offers a simulation framework that
enhances the predictive capabilities for LPBF on the part scale, which is crucial to
applications such as the design and optimization of process parameters for improved
part quality. This approach exploits the highly localized nature of the LPBF process.
Quantifying these localized characteristics remains a work in the future, which can

help develop better simulation tools.
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NOMENCLATURE

h Convection coefficient

k Conductivity

T Temperature

T, Melting temperature

a Absorptivity

P Laser power

Vv Laser speed

H; Laser input energy on element ;

€e Elastic strain

€ Thermal strain

€p Plastic strain

€total Total strain

o Cauchy stress normal component in x direction
oy Cauchy stress normal component in y direction

o, Cauchy stress normal component in z direction



1 INTRODUCTION

1.1 Motivation

Additive Manufacturing (AM) has revolutionized the production of complex com-
ponents across various industries [4]. One of the most promising AM techniques is
Laser Powder Bed Fusion (LPBF), a method that enables the fabrication of intricate
metal parts layer by layer using a high-energy laser beam to selectively melt and fuse
metal powder [5, 6, 7, 8]. The LPBF process begins with a 3D model of the part to be
manufactured, which is sliced into thin layers along the building direction. In each
layer, metal powder is first spread as a thin layer. Then, the laser moves according
to a predefined scanning path to melt and solidify the powder, forming the desired
cross-section. After each layer is built, the build platform lowers, and a new layer of
powder is spread. This process repeats until the part is complete. LPBF can utilize
various metal powders, such as stainless steel [9], Inconel alloys [10], and titanium
alloys [11]. The process’s use of thin layer thickness and small hatch distance (as
shown in Figure 1.1) allows for the production of intricate geometries. This capability
to produce lightweight yet strong structures makes LPBF advantageous in many
industries, including aerospace [12], automotive [13], and healthcare [14].

While the LPBF process holds immense promise for advancing manufacturing
capabilities, the optimization of process parameters and the prediction of final part
quality remain significant challenges due to the complex thermal history and high
computational cost simulate the thermomechanical process. The complex thermal

history directly influences the microstructure [15], mechanical properties [16, 17],



Hatch distance

Figure 1.1: Schematic: the scales of LPBF process.



and overall performance of the final part. The localized heating and rapid cooling
inherent in the LPBF process introduce complexities that necessitate a nuanced un-
derstanding of the process dynamics. The laser scanning path is one of the major
factor which contributes to these complexities. Simulation is critical to capture these
complexities [18].

Currently, conventional simulation approaches for LPBF are either too computa-
tionally expensive for practical use or too inaccurate to capture the process’s com-
plexities. These conventional methods require fine spatial discretization and small
time steps to accurately model the moving melt pool, making them impractical due
to their high computational costs. Practical part-scale approaches often ignore the
temperature dependence of materials or adopt a layer-based approach, simplifying
the simulation process into a sequence of layer activation and solidification rather
than following the actual scanning path. While layer-based approaches are much
faster, they fail to account for the complexities introduced by the scanning path. Some
other studies use analytical or semi-analytical approaches [19, 20]. These approaches
are efficient, but they ignore the temperature dependence of the material properties,
which might also cause inaccuracy in some circumstances.

The LPBF process indeed has some characteristics which could be exploited for
better simulation. Specifically, the LPBF process involves highly localized thermome-
chanical evolution. The input laser energy quickly dissipates as the distance from
the laser center increases. Materials exhibit lower stiffness at higher temperatures,
leading to a higher tendency for plastic deformation. Due to the commonly used

constant laser power and speed, the melt pool during the process tends to have a



consistent profile. Existing approaches have noted these characteristics and attempted

to exploit them, but there is a lack of a systematic formulation to fully utilize them.

1.2 Proposed work

I will outline a multiscale thermomechanical simulation framework for the laser
powder bed fusion process. The proposed framework synergistically integrate the
path-scale approach and the part-scale approach, make the simulation efficient while
able to capture the effect of scanning path. The idea is to establish a framework which
knows when to use which approach, and how the results from different approaches
can be exchanged. Specifically, when approaching to the critical regions, the simula-
tion need to switch from lower fidelity approaches to the higher fidelity approaches,

see Figure 1.2. The proposed framework consists of the major steps as listed below:

1. The path-level LPBF thermal simulation. I developed a scalable PBF thermal
history simulation based on melt pool physics and dynamics. Different from the
existing approaches, the new simulation approach uses a Voronoi diagram based
on the scanning path, making its discretization is conducted on the scanning
path and covers the entire simulation domain to consider all powders and solid.
The new approach also uses a modified conduction model that considers the

high thermal gradient around the melt pool.

2. The path-scale mechanical simulation. I developed a framework for simulat-
ing the LPBF process residual stress based on the path-level thermal history.

I developed this framework by introducing a new concept termed effective
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Figure 1.2: The framework of the proposed multiscale thermomechanical approach.

thermal strain to capture the anisotropic thermal strain near and around the
melt pool. Compared with the existing approaches, the path-level simulation
requires discretization only to capture the scanning path rather than the details
of the melt pools, thus requiring less dense mesh and is more computationally

efficient.

3. The Layer-level and multiscale simulation. I firstly developed a layer-level
simulation which considers the scanning paths. Then I synergistically integrated
both the path-level and layer-level methodologies. This integration enables

efficient access to the path-level thermal history within complex 3D structures.



1.3 Outline

The remainder of this thesis is organized as follows!. In Chapter 2, I will discuss the
state of the art in LPBF simulation approaches, classifying them based on spatial scale.
Researchers have developed the microscale simulation approach, which considers
multiphysics and multiphase interactions. The voxel-based approach, a simplification
of the microscale simulation, has also been proposed. Due to the inefficiency of the
voxel-based approach, other researchers have introduced the layer-based approach.
While the layer-based approach is applicable to part-scale engineering problems, it
fails to consider the effects of the scanning path, leading to inaccuracies.

Chapter 3 discusses the proposed path-level thermal simulation. In this chapter, I
will first introduce the current issues in LPBF thermal simulation. Then, I will present
the formulation of our path-level thermal simulation, followed by its validation.
The validation dataset and measurement methods will be discussed. Next, I will
compare the simulation results with experimental data, including the melt pool
length and width, and provide an analysis of the results. Lastly, I will summarize
this approach, its applications, and potential future work. I will also introduce a
modified absorptivity model that could further improve the accuracy of the approach.
Additionally, I will briefly present a collaborative work that uses path-scale thermal
history to reconstruct the melt pool shape, which is an important step in path-level
mechanical simulation.

Chapter 4 discusses the proposed path-level mechanical simulation. In this chapter,

I will first introduce the current issues in LPBF mechanical simulation. Then, I will

IThis dissertation is written so that each chapter is self-contained



present the formulation of the path-scale mechanical simulation framework. Four
major steps will be discussed: (a) reconstructing the melt pool on a fine scale, (b)
obtaining the path-scale thermal history, (c¢) computing the effective thermal strain,
and (d) applying the effective thermal strain in the path-scale mechanical simulation.
Next, I will compare the results of the proposed approach with those from different
approaches in the literature. Additionally, I will demonstrate the results of the new
approach on various checkerboard patterns and shapes consisting of multiple islands.
Lastly, I will discuss the results and their implications.

Chapter 5 discusses the proposed layer-level simulation and the hybrid approach.
In this chapter, I will first present the current issues in layer-level LPBF thermal
simulation. Then, I will outline the formulation of my approaches: a layer-level
approach and a hybrid layer-path approach. I will compare our results with the
experimental results of a 3D overhang structure built by NIST. Next, I will analyze
our results and discuss how the overhang affects the time duration over different
temperature thresholds and how the thermal history evolves layer by layer.

I will summarize the contributions of this thesis and discuss extensions and open

issues in Chapter 6.



2 RELATED WORK

2.1 Microscale simulation

Simulating the Laser Powder Bed Fusion (LPBF) process is a complex multiphysics
and multiphase problem when all the different physical phenomena and interactions
between phases are modeled. For instance, simulating melt pool dynamics might
involve various factors such as solidified metal powders [21], the fluid dynamics of
molten metal flow [22], the particle dynamics of metal powders [23], and the gas
dynamics of evaporated metal gas [24]. All these factors interact with each other [25],
making the simulation highly intricate. Such detailed simulations have been con-
ducted and have provided valuable insights into the LPBF process [25]. However,
microscale simulations require high-fidelity modeling of multiple physics phenom-
ena, including powder dynamics, fluid dynamics of molten metal, and interactions
between molten metals and metal powders. The extremely high computational cost
makes it impractical to use these simulations for practical applications. These ap-
proaches are often limited to very short printing paths. For example, it can take
up to 4000 minutes to simulate a single scan melt pool within a 390 x 210 x 50um?
domain [26]. To simulate LPBF residual stress, researchers have made various as-
sumptions to simplify the models. For instance, the liquid or gas phase is often

replaced by an equivalent solid volume or is completely ignored [27].



2.2 Voxel-based approach

To reduce the computational burden, researchers simply the microscale simulation as
a thermomechanical problem on solid. I will refer it as voxel-based approach in this
thesis. This approach uses fine voxel discretization to capture the melt pool shape,
modeling all materials—including powders, melted metals, and solid metals—as a
bulk material.

The voxel-based simulation is based on multiple assumptions and techniques
which are used to simplify the modeling. Firstly, the fluid flow upon melting is not
explicitly modeled [28]. All materials, including powder, liquid, and solid materials,
are represented as a continuum with modified material. The material is modeled by
some material properties such as density, Young’s modulus, and Poisson ratio. These
material properties are modeled as functions of temperature. Under this assumption,
modeling of grain structure, powder spatial configuration, and liquid melt pool are no
longer needed. Many papers have been published on simulating the melt pool shape
using these assumptions, often with fine spatial and temporal discretization [2, 29, 30].

Weak coupling between thermal and mechanical simulation is a common assump-
tion used in voxel-based approach. This assumption is based on the observation that
the deformation during the LPBF process is small. Specifically, it suggests the mechan-
ical analysis relies on the thermal analysis but the thermal analysis is independent
of the mechanical analysis [29]. Therefore, I only need to consider the temperature
changes that drive thermal expansion/shrinkage in the mechanical analysis. This
assumption also allows the asynchronous thermal analysis before the mechanical

analysis.
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In the mechanical analysis, the total strain €;,,; in the LPBF process is decomposed

as:
€total = €t T €c 1 € (21)

where €; + €. + €, are the thermal, elastic and plastic strain, respectively. Plastic €, is
obtained with the given plastic model, for example Von-Mises yield criterion. Thermal
strain is obtained with a given thermal history in the form €,(7") = ¢,(7)[1,1,1,0,0,0]7,

where

w1 = [ i alt)dt (2.2)

The thermal expansion coefficient «(t) is a function of temperature ¢. Figure 2.1 shows
the a(t) for Ti6Al4V which I used in the present work. The reference temperature
T’y is the metal melting point. All strain and stress states will be reset to zero when
the temperature is above the melting point. The vector [1,1,1,0,0,0]” indicates the
thermal strain is isotropic in the normal directions z, y, z (the first three ones) and
zero shear strain (the last three zeros). Despite employing isotropic thermal strain, the
voxel-based approach has the capability to capture anisotropic stress with sufficient
fine discretization. With adequate resolution, this approach can effectively capture
the sequence of melting and solidification of the elements. The stress experienced by
an element can vary depending on whether it is surrounded by already solidified
elements or not. This variation can be reflected by the thermal gradient near the melt

pool.
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A technique called element birth and death is frequently used in simulating the

LPBF process [31]. This technique simulates the powder deposition process in the

LPBF process. The powder deposition process is a layer-by-layer process. In each

layer, the laser moves according to the scanning path to melt and solidify the metal

powders. The direct modeling of this process is computationally expensive. Assuming

the deformation during the scanning process is small, the element birth and death

technique avoids such direct modeling by initializing and meshing the entire domain

and updating the stiffness matrix of the mesh to mimic the deposition process. All

elements are initially assigned a material property that is considered approximately

void. This property will be switched to the normal value when powders are deposited
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in the layer to simulate the powder deposition process. For example, the element’s
Young’s modulus may be initially assigned a very small value, such as 10~* of the
normal value [32, 33]. It will be switched to the powder’s effective bulk material
properties when powder deposition occurs on the element.

Based on the above assumptions, the stepwise quasi-static mechanical simulation

uses the equation below:

Vo =0 (2.3)
o =Ce, (2.4)
Ou _ =€ te+ (25)
or = €total = €t €e €p .
T
e(T) = / a(t)dt[1,1,1,0,0,0]" (2.6)
T7YL

The plastic strain €, is computed with the plasticity model. In the present work,
I use the Von Mises yield surface. u,r are the displacement and the coordinates
respectively. The thermal strain is an integration of the thermal history 7" according to
the equation above. The thermal history 7" comes from the thermal simulation which
is a transient analysis driven by the moving heat source. The mechanical analysis is
a step-wise quasi-static analysis. In each step, the mechanical analysis can take the
corresponding thermal history from the thermal analysis. The laser energy input is
typically modeled as a Gaussian [34] or ring [35] distribution, with the center moving
along the predetermined scanning path.

Many studies have used the finite element method (FEM) to implement this

formulation [36, 37, 30]. The effects of different scanning strategies in the LPBF
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Figure 2.2: A melt pool temperature snapshot obtained by finite element method.

process have been investigated in several papers [38, 39, 40]. Figure 2.2 shows an
example of the melt pool temperature snapshot simulated this method.

Though voxel-based thermomechanical simulations have a reduced cost compared
to microscale simulations, they are still computationally expensive and limited to
relatively short and simple scanning paths [29]. This is because the discretization
must be fine enough to capture the details of the melt pool. Since the melt pool size
is small (typically around 100 pm in width for a typical LPBF process), the elements
from the discretization need to be smaller (usually on the order of 10 yum). A small
time step (usually on the order of microseconds) is needed because the time step must
be compatible with the element size to ensure numerical stability. The small time step
and element size make the computational cost of thermal-mechanical simulations

prohibitively high for large-part simulations. Consequently, a naive implementation
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of FEM remains computationally expensive because it requires not only small time
steps to resolve the high cooling rate (more than 100°C/s) [15], but also high spatial
resolution to capture the large size difference between melt pools (100 xm) and
printed parts (10-100 mm). For example, simulating a 2 mm x 2 mm three-layer
structure may take up to 10 hours[30]. Simulating a single layer of the same size
can take more than one day[41]. This inefficiency is primarily due to the need for
small element sizes around the melt pool and small time steps. The voxel-based
approach scales with the fourth power of the element size: it necessitates three orders

of refinement spatially for 3D space and one order temporally.

2.3 Layer-based approach

One of the main reasons for the high computational cost of conventional thermo-
mechanical simulations in modeling the LPBF process is the need for dense spatial
discretization and small time steps. To address this issue, agglomeration methods
have been proposed. These methods use an intermediate, agglomerated model that is
much larger than the scale of the spatial discretization elements, significantly reducing
the computational cost. One common agglomerated model is the "superlayer"[42],
an artificial layer composed of multiple adjacent real powder layers. Layer-wise
approaches, such as the flash heating method[43, 44, 45, 46] and the inherent strain
method [47, 48, 49], have been proposed to improve efficiency. In these methods,
the scanning path is no longer considered; instead, the superlayers are activated in
sequence. Due to fewer steps and less dense meshes, these methods are significantly

more efficient than conventional thermal-mechanical simulations. However, by disre-
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garding the scanning path, these approaches lack the capability to predict the effects
of scanning paths.

For thermal simulation, researchers developed the flash heating method [46, 45].
In this approach, the moving heat source is replaced by an equivalent thermal load,
which is activated superlayer-by-superlayer. Each superlayer is sequentially activated,
and an equivalent heat is applied to the newly activated superlayer to conduct the
thermal simulation. In these methods, the thermal history on the path-scale level is
assumed to be uniform so that it can be “lumped” or “agglomerated” on the layers.

For mechanical simulation, researchers developed the inherent strain method,
which completely bypasses the laser scanning path. This method is a two-step ap-
proach. First, a full-scale simulation is conducted on a small sample domain to extract
the effective "inherent strain.” Then, multiple powder layers are agglomerated into
a single "superlayer," where the simulation is conducted as a superlayer-wise acti-
vation process. The inherent strain method was originally proposed for welding
problems based on the assumption that residual stresses would completely relax
after the welding process [50]. However, this assumption is not valid for additive
manufacturing, particularly in laser powder bed fusion, where non-uniform residual
stresses are trapped due to complex scanning paths. Researchers have attempted
to improve the inherent strain method to better account for the LPBF process. For
example, a modified inherent strain method [48] was proposed to extract the inherent
strain vector from a fine-scale model. This work has been further improved to use
representative volume elements to address periodically layer-wise rotating scanning

paths [49].
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However, accurately predicting thermal history under more general scanning
paths, complex geometry, and process parameters such as laser power and speed
remains a challenge. The correlation between the thermal history and the scanning
path, especially the sequence of melting and solidification, is often ignored. The
loss of path-level information in thermal history, in turn, leads to inaccurate down-
stream simulations of, warping, residual stress, material properties, and the overall
performance of the part [51, 52], to list a few. This is particularly problematic for the
boundary regions of a layer and layers with intricate details, where the influence of
the scanning path is more pronounced. For example, The effect of scanning strategies

in the LPBF process is investigated in papers [38, 39, 40].

2.4 Discussion

In summary, the state-of-the-art LPBF simulation methods are either too computa-
tionally expensive for practical use or rely on assumptions that ignore the effect of the
scanning path. Microscale simulations, which consider multiphysics and multiphase
modeling such as the interaction between powders and melted metals, are too com-
putationally intensive and applicable only to short paths. Voxel-based approaches
simplify the problem into a solid thermomechanical issue, which is cheaper com-
pared to microscale simulations, yet still impractical for engineering purposes due
to the need for fine spatial and temporal discretization to capture the thermal and
mechanical response of the moving laser. Layer-based approaches, which activate
layers without considering the laser scanning path, are much more efficient but fail

to account for the critical influence of the scanning path on material properties.
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In contrast, I propose a framework to simulate the LPBF process that is efficient
yet capable of accurately capturing the effects of the scanning path. This frame-
work includes both path-level and layer-level simulations, which are synergistically

integrated. The details will be introduced in the following chapters.
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3 PATH-LEVEL THERMAL SIMULATION

3.1 Introduction

Many complex multi-physics and multi-phase phenomena are involved in the different
stages of the LPBF process, including the initial melting of metal powders, the fluid
dynamics and heat transfer of the molten metal, and the stresses and microscopic
grain structure resulting from the solidification of liquid metals. These phenomena
have important influences on the quality and performance of the manufactured part.
As many of them are related to the thermal history of the part, an accurate and efficient
thermal history simulation becomes critical to the understanding and improvement
of LPBF processes. For example, thermal history influences the microstructure [15]
and the material properties [16, 17]. The thermal history also influences the part’s
geometric accuracy through the residual stress, which is caused by uneven thermal
expansion and shrinkage [29], which is closely related to the thermal history of LPBF
parts.

The thermal history of a specific part is the result of its manufacturing process
plan. The process plan includes processing parameters (e.g., the environmental and
preheating temperature of the platform) and path-dependent scanning information
including the power and speed of the laser. For a given geometric model, the build
direction is determined first. Based on the process specifications such as the powder
layer thickness, the geometric model is then sliced into layers normal to the building
direction. Finally, the layers from slicing are filled with scanning paths, which direct

the laser to scan the path segments with the given laser power. The scanning paths



19

have a critical influence on thermal history. For example, a given location might be
melted once or remelted multiple times if different scanning paths are adopted. For a
given geometric model, different combinations of possible building directions and
scanning path results in an enormous degree of freedom on the path-scale level for
process plan designing. The complexity of scanning patterns and the utilization of fast-
moving and high-energy lasers in LPBF processes lead to complex heating/cooling
and phase transitions, which complicates the thermal history across the entire part.
Path-scale simulation approaches are critical to predicting the thermal history and
exploring different process plans.

The contact-aware path-level (CAPL) discretization approach [53, 54, 55] was
recently proposed to support scalable thermal simulation at the path level of AM
processes driven by a moving heat source. Compared to other thermal simulation
approaches, CAPL tailors discretization to the manufacturing toolpath and adopts
locality for linear time complexity in part-scale thermal history simulations. This
approach essentially uses scalable simulations to simulate the fabrication process of a
part through the aggregation of melt pools, scan paths, and layers.

I developed a scalable PBF thermal simulation approach based on CAPL. CAPL
tailors discretization to the manufacturing toolpath and adopts locality for linear
time complexity in part-scale thermal history simulations. The new approach (will
be referred as PBF-CAPL) inherits linear scalability from CAPL and has three novel
ingredients. Firstly, to simulate the laser scanning on a solid surface, I discretized the
entire simulation domain instead of only the manufacturing toolpath by appending

the fictitious paths to the manufacturing toolpath. Secondly, to simulate the scanning
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on the overlapping toolpath, the element widths were initialized by a Voronoi diagram
of the manufacturing toolpath. Lastly, I proposed a modified conduction model that
considers the high thermal gradient around the melt pool. I validated the new
approach against melt pool images captured with the co-axial melt pool monitoring
(MPM) system on the Manufacturing Metrology Testbed (AMMT) developed at
the National Institute of Standards and Technology (NIST) [56, 57] !. Excellent
agreements in the length and width of melt pools are found between simulations
and experiments conducted on a custom-controlled laser powder bed fusion (LPBF)
testbed on a nickel-alloy (IN625) solid surface.

The rest of this chapter is organized as follows. In Section 3.2, I identify and
implement the needed improvements to account for the limitations of the original
CAPL and specifics of the validation dataset.

In Section 3.3, I validate the simulation results against the experimental dataset
that includes scan paths with varying laser power, where I find good agreement in
the melt pool shapes between simulation results and the experimental dataset. In
addition to comparing the melt pool images frame by frame, I also analyze various
trends observed in the dataset. These include the influence of laser power on melt pool
length, the melt pool length evolution on the same scanning vector, and scan-wise
melt pool length evolution.

Based on the observation in Section 3.3, Section 3.4 discusses further improvements
to CAPL-based thermal history simulation. These include the incorporation of the
laser absorptivity model affected by surface roughness and keyholes and utilizing

machine learning to determine melt pool shapes.

The data used in this chapter can be obtained upon request from NIST.
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3.2 Formulation

CAPL originally focused on the FDM process and made corresponding assumptions.
Modification is needed to use CAPL to simulate the laser scanning on the solid
surface. In this section, I first identify the modifications that are needed for CAPL to
be consistent with implementation details in the NIST AMMT dataset. I then discuss
the necessary modifications and improvements to address these discrepancies. (see
Figure 3.1).

To attempt to improve the simulation results and better utilize and align with
available data, I identified three needed modifications to be consistent with imple-
mentation details in the NIST AMMT dataset. Firstly, the original CAPL requires all
the elements must be associated with a segment of scanning paths. The elements
represent the powder materials that will be scanned and solidified. The widths of
these elements will be dynamically grown in the execution stage to mimic the pow-
der melting process. However, the AMMT data used is obtained on a solid surface.
Because it is a continuum all the volume needs to be discretized and accounted for in
the simulation no matter if scanning paths go through it or not. Also, since there is
no powder melting process on the solid surface, the element growth is not applicable
on the base layer.

Secondly, the original CAPL approach requires the element to have no overlap with
other elements. The element contacts needs to be orthogonal since all elements have
a similar rectangular shape. But in the PBF process, it is common to have overlapping
paths since it is possible to remelt the solidified powder. In addition, the scan strategy

used for the NIST experiment has nonparallel paths (see contour and infill in Figure
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Figure 3.1: System diagram of contact-aware path-level (CAPL) for laser powder bed
fusion (LPBF) process. The components of the original CAPL are in dark blue and
my modification and improvements for validation are shown in orange.

3.2). Unexpected overlap or void will occur when addressing the general non-parallel
paths, as shown in Figure 3.3.

Lastly, the original CAPL uses the forward Euler method (a first-order explicit
method) for thermal simulation and assumes a small Biot number (Bi = hL/k, where
h, L,k is the convection coefficient, characteristic length, and conductivity of the
element) for the element. In the FDM process, elements usually can satisfy this

assumption due to the scanning speed being relatively slow compared to the PBF
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process. Here, however, a small element length (~10 pm) is required to ensure
enough resolution to capture the melt pool length, but the element width is too large
since the hatch space is too large (100 um here). This means the Biot number in the
width direction will be an order larger than that in the length direction and should be
reflected as such in a PBF model. In the lumped model, thermal conduction between
two elements i and j is computed as Qcona = KAAT;;/d;; where k is the conductivity,
Acontact is the conduction area, and d;;, andAT}; are the distance and temperature
difference between the two elements. Considering the elements here (see Figure 3.3),
a naive implementation of the lumped model will lead to insufficient heat conduction

in the direction where the characteristic length is too long.

Representing solid surface with fictitious elements

For the first improvement, I modified the path-level discretization algorithm in the pre-
processing stage to account for solid continuums. I added additional fictitious paths
so that the entire domain is filled with real paths and fictitious paths. The contacts
between all elements are initialized according to the contact graph. I initialized all
elements with solid material properties since a solid surface is used in the present
chapter. Since no powder melting is involved in the present chapter, I suppressed
the element growth mechanism. For the present chapter, the fictitious paths are the

contours around the real scanning paths, as shown in Figure 3.2.
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Figure 3.2: The actual laser path is inside the red box. Fictitious elements are added
as the paths outside the red box to represent the larger surface. The solid continuum
is modeled as multiple such layers.

Elements initialization by Voronoi diagram

To address the second improvement, I modified the path-level discretization algo-
rithm with a new elements width initialization algorithm by the Voronoi diagram.
The element width will be no longer updated in the execution stage since I suppressed
the element growth mechanism as discussed above. In the new element width initial-
ization algorithm, I initialized all element widths with a small number (W, = 10um).
After initialization, I increased the element widths simultaneously. For each element, I
stopped the increase of width once the element’s overlap with other elements exceeds

a given threshold s (3 x 107''m? used here). The element width initialization ends
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when all elements stop growing wider. Such element width initialization procedure
approximately generates a Voronoi diagram, whose cells have the path segments as
their site, see Figure 3.3.

I used an in-process laser power normalization for the second needed modification
in addition to the element width initialization by the Voronoi diagram. Note there are
some overlaps and voids between the elements initialized by the Voronoi diagram.
When a laser scans through these elements, the voids and overlaps will cause the total
laser power input to artificially fluctuate. The in-process laser power normalization
is a modification of the lumped-capacitance heat transfer model to correct for this
artificial fluctuation. In the lumped model, every element takes the laser energy input.
The total laser energy input on all elements should be equal to aP (laser power P

multiplies absorptivity ) because of energy conservation:
N
> Hi(t) =aP (3.1)

where H;(t) is the laser energy input term of the element i. Theoretically N should
be the number of all elements which are exposed to laser energy input. Here, I used
the number of elements inside the active body as N. This approximation is due to
the assumption of thermal localization by utilizing an active body. The total energy
could be higher or lower than the input laser term because of the overlap and void.
To mitigate this problem, I normalized the input laser power P during the simulation

process by a constant o/ >V H;. In other words, the laser power at ¢ should be:

aP

PO =5,

P (3.2)
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Figure 3.3: Example of elements on the left top corner of the layer. Unexpected
element overlaps with non-parallel overlapped path exists before modification (left).
Elements generated by Voronoi diagram after modification (right): elements (in blue)
approximately form a Voronoi diagram (in red) whose sites are the scanning paths
(in black)

in which P is the nominal laser power, and P(t) is the normalized laser power to

replace P in equation 3.1.

Improved conduction model

The third improvement addresses the lumped thermal model for the elements. Here
I corrected a previously underestimated temperature gradient, which is originally

approximated by the finite difference method. For example, the original conduction

ATij

energy is given as kAconmCtT_j, where the conduction characteristic distance is d;;
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which is the distance between two elements ¢ and j. In a real melt pool, the tem-
perature spatial gradient is very high around the melt pool (temperature spatially
decays from the melting point to a much lower temperature in a relatively short
distance). When the element width is too large, the same temperature decay will be
artificially assumed to happen at a much larger distance (the element width), thus
the side-by-side conduction will be underestimated. To address this issue, I capped
the conduction characteristic distance by thresholding the conduction characteristic
distance. Here I assumed the threshold d,, to be a constant which equals to the maxi-
mal element length (here is 10 um). Since here element length is much smaller than
the element width, the threshold d, ensures the thermal conduction (), in both
the scanning direction and the transverse direction has the same order of magnitude.

The conduction term between two elements i and j is to be modified as

kAcontact AE]

Qcond - max(do, dzj)

(3.3)

Due to the existence of overlapped elements, I redefined the contact area as the
projection area (the projected angle is #) of the intersected cross-section (see Figure

3.4):

Acontact = min(Acsla Acs2)/ sin 0 (34)

where A.,, =W x H
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Figure 3.4: Top view of the contact area (in red). The contact area is the smaller
projected cross-section (in green) projected along the angle § between two elements.
L and W are the element length and width. Arrows indicate the scanning directions.

Assumptions and limitation

I used some common assumptions that are typically employed in the common voxel-

based approaches. For example:

e Deformation is small, allowing for the thermal and mechanical simulations to

be decoupled, and in-process deformation is not considered.

e All materials, including powder, liquid, and solid, are represented as solids

with modified properties, avoiding fluid and other multiphase problems.
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e Mass loss due to evaporation is ignored.

Besides these common assumptions, the most important assumption is related to
the use of the lumped model. By using the lumped model, I assume the temperature
within an element is completely uniform in space. Similar assumptions are made in
other voxel-based approaches, but the difference is that, due to the lumped model,
the elements in the proposed approach are much larger. Therefore, I must modify
the lumped model to consider these effects. For example, as previously discussed,
an improved conduction model has been introduced since using finite differences to
represent the thermal gradient is not accurate. Additionally, in some circumstances,
the thermal response might differ, such as the difference between the conduction
mode and the keyhole mode, which needs to be considered. In the last section of this
chapter, I will discuss how I used a modified absorptivity model to account for this.
Essentially, this is a problem of localization: we need to understand how the problem
can be localized near the heat source and how the localized model corresponds to

the lumped model.

3.3 Validation through melt pool shape

Validation Dataset Overview

The experiment dataset used for validation of the modified CAPL consists of melt
pool frames acquired on the Additive Manufacturing Metrology Testbed built by NIST.
The resolution of each frame is approximately 7.13 um/pixel. An example of the melt

pool frame is shown in Figure 3.5. A threshold of the digital value corresponding to
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Figure 3.5: An example of melt pool frame (left) acquired on the Additive Manufac-
turing Metrology Testbed by NIST and the binarized result (threshold is 80 out of
255).

the melting temperature is needed to extract the melt pool shape. Based on other ex-
periments conducted on AMMT [57], I used 80 out of 255 as the threshold (see Figure
3.5). The melt pool shape is approximated by the Python library scikit-image’s skim-
age.measure.regionprops function (equivalent to MATLAB’s regionprops function),
which approximates the melt pool shape by an ellipse that has the same normalized
second central moments as the region. The melt pool length and width are computed
as the length of the major and minor axis.

I used the first 10 cases from the dataset with varying laser power and every
case consists of 1498 melt pool images at various locations during the laser scan.
The scanning paths are shown in Figure 3.6 and all 10 cases use the same scanning
path. There are in total 39 scan vectors which are labeled in Figure 3.6. The laser
scanning speed for all 10 cases is the same and is shown in Figure 3.7. Note the
laser is turned off while overshooting outside the scanning region to ensure constant
scanning speed inside the scanning region. For ease of discussion, I classified scan
vectors into different groups, including 4 contour vectors and 35 diagonal raster scan

vectors inside the contours (see Figure 3.6). The 10 cases differentiate from each other
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Figure 3.6: Numbering of scan vectors.

by the laser power being used (see Figure 3.8). Case 01 has the highest laser power
which is constant (195 W), and all other cases have variable and lower laser power.
For example, the laser power of Scan 01 for all cases and the laser power of Scan 19 -
Scan 24 for Case 03 are shown in Figure 3.9, in which the laser power is plotted as a
function of the distance along the scanning direction. The laser power was lowered to
decrease the variance in melt pool size based on the residual heat factor in an earlier
NIST study. Interested readers may refer [57] for details. For every case, the 1498
melt pool images come from sampling on a single-layer scanning on an Inconel 625
solid surface. The images come from an even sampling at the frequency 20kHz when
the laser is turned on.

All melt pool lengths from the experimental melt pool image data are plotted as



32

Laser speed (m/s)

9.5 /7/7‘/7/7/7/7/7/7);/7/; {1
g—\ {0.9
9 == .
' 10.8
)
8.5 /) 10.7
— 'y
E /] 0.6
>§: °f [E ﬂ 0.5
: 4
757 ﬁﬁ 0.4
5 0.3
' TE / 0.2
057 Oaﬁ/g.ﬁ/gaaay.ﬁ/ | 0.1
1 L | | ) | i/ | 0
18 185 19 195 20 205 21 215 22
X (mm)

Figure 3.7: Laser speed map for Case 01. All 10 cases have the same identical speed
map only different by their relative locations. Only Case 01 has constant laser power.

line graphs shown in Figure 3.10. The vertical axis represents the melt pool length,
and the horizontal axis represents the frame number. Since the scanning path is
geometrically the same for all cases and the frames are sampled at the same time
sequence, the same frame number results in the same relative location in every case.

In all cases, I observed that the melt pool lengths periodically drop to zero. This is
due to a synchronization issue of the melt pool monitoring system such that the first
image at the beginning of each scan is captured before the laser starts. In addition,

excessively long melt pools are observed near the beginning of some scan vectors.
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Figure 3.8: Laser power map for cases 01 - 04. The dark blue here indicates no power.
From Case 02, all cases have variant laser power and they differentiate from each
other by how the laser power distributes.

Upon closer examination, this is due to the gas plume being mischaracterized as the
melt pool after thresholding (see Figure 3.11). In both these cases, the extracted melt
pool lengths do not correspond to the real melt pool length, therefore, are considered

outliers in the CAPL validation.

Calibration of process parameters and material properties

Melt pool length from CAPL simulation is directly computed by measuring the
maximum distance between two melted elements. I used all material properties but

absorptivity from [1] for simulations in the present chapter. Material properties
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Figure 3.9: Laser power plotted as a function of distance along the Scan 01 for all
cases (a). The distance range from 0 to 2 mm because the length of Scan 01 is 2 mm
for all cases. (b) The laser power of Scan 19 - 24 for Case 03. Scan 19 - 24 have adjacent
parallel scan vectors which have the same length.
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Figure 3.10: Experimental melt pool length for all 10 cases x 1498 frames. Zoom in
view of Scan 01 is shown. Zero melt pool length is due to the MPM system skipping
the first frames of the scan vectors.
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Figure 3.11: Melt pool image with plume and the binarized results (threshold is 80).
Plume leads to incorrect melt pool length extracted value. These incorrect values are
shown in the length map as red dots.

including specific heat and conductivity are modeled as functions of temperature
(see table 3.1). Phase changes due to melting or solidification are handled by the
equivalent specific heat formulation [1, 58].

The absorptivity is calibrated with Case 01 of the dataset and used for the remain-
ing cases. I calibrated absorptivity because it has a significant influence on thermal
history and it can significantly vary when the surface conditions vary. Understanding
absorptivity and surface conditions itself can be an important topic where many

studies have been conducted [59, 60]. I noted that the absorptivity of laser power
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may depend on a variety of factors and is not a constant in general, but it is a common
practice that constant absorptivity is used for simplification. In the present chapter,
I chose 0.43 as it minimizes the error of melt pool length in Case 01. This value is
consistent with the ranges provided by the literature. For example, the absorptivity
of In625 solid surface ranges from 0.4 to 0.9 [61]. This value is applied to other cases
in the subsequent tests.

Experimental data and simulation results of melt pool lengths, as well as the error
percentages, are plotted in Figure 3.13. I observed a consistent match between the
experimental data and simulation results with about 10 percent of average relative
error in all cases as shown in table 3.2. In the table, the error value is the mean of the
absolute value of the relative error of all data points in each case. In addition, Figure
3.12 shows the distribution of the relative errors for Case 05 where 84% of data points
are within 10% relative error and 92% of data points are within 20% relative error
compared to the experimentally acquired meltpool image data. The histogram also
shows that the distribution of the relative error skews towards the underestimation
of the meltpool length. This could be due to the inclusion of plumes that increase
the length of some meltpools as an artifact (see Figure 3.11). Further comparisons
between simulation results and experimental data will be discussed in detail in the

rest of this section.
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Figure 3.12: The histogram of relative error in percentage of Case 05. The y-axis is the
percentage of the data points in case 05. 84% of data points are within 10% relative
error and 92% of data points are within 20% relative error.

Table 3.1: Process parameters and material properties of IN625[1]

Solidus temperature Tg 1563 K

Liquidus temperature 77, 1623 K

Environmental temperature 293 K

Latent heat of fusion 290 KJ /kg

Specific heat (T < Ts) 338.98 + 0.2437x T [J/kg K]
Specific heat (T' > T7,) 735]/kg K

Thermal conductivity, (T' < Tg) 5.331 + 0.015 x T [W/(m K)]
Thermal conductivity, (T' > Tg) 30.05 W/ (m K)

Density 8440 kg/m?

Environmental convection coefficient 10 W/(m? K)

Substrate temperature 293 K

Laser spot diameter 85 um
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Melt pool length validation
Melt pool length evolution within scan vector

Firstly I will discuss the melt pool length evolution on the same scan vector. I will
categorize the results into two groups: contour scan vector (I will use Scan 01 as an
example) and 45-degree scan vector (I will use Scan 19 - 24 as examples).

I chose Scan 01 since it can be considered a single-scan test without thermal
inference from other scan vectors. Because it is the first scan vector and there is no
laser scanning on the surface yet before Scan 01 is applied, Scan 01 should be free
from the influence of other scan vectors. Therefore the evolving melt pool shape on
it should just reflect the influence from Scan 01. I also chose Scan 19 - 24 in Case 01
because (a) they are parallel and identical to each other and all scan vectors have
constant laser power, and (b) I observed melt pool length evolves similarly on these
scan vectors (see Figure 3.15).

On Scan 01, I plotted melt pool length as a function of scanning distance on the
scan vector and show the results of cases 01 in Figure 3.14. An increase in melt pool
length at the beginning of the laser scan, i.e. “bump”, is observed in Case 01: melt
pool length firstly increases and then decreases as the laser moves on the scan vector.
I also observed the bump on the 45-degree scan vectors (see Figure 3.15) of Case
01. The CAPL simulation does not predict such a bump in these cases. One possible
reason for this discrepancy is that I used constant absorptivity in modified CAPL
simulation. This is because I observed that the magnitude of the bump is related to
the laser power. For example, comparing the melt pool length on Scan 01 in different

cases, the bump is much less obvious in cases 02 - 07, where relatively lower power
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Figure 3.14: Melt pool length for Scan 01 of Case 01. A bump at the beginning of the
scan vector in experimental data is not predicted by CAPL in Case 01. Laser power
along the scan vector can be found in Figure 3.9.

is applied shortly after at the beginnings of the scan vectors. The CAPL simulation
matches well with experimental data in these cases (see Figure 3.16 and Figure 3.17).
I will discuss the increase in melt pool length at the beginning of the laser scan in
Section 3.4.

The effects of varying laser power on the length of the melt pool are also predicted
by the CAPL simulation. I give examples in Figure 3.18, where the mean values of
melt pool length on Scan 01 and Scan 24 are plotted with respect to the case number.

I observed that CAPL captures a similar trend as shown in experimental data: on
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predict the bump.
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Figure 3.16: Experimental (AMMT) and simulation results (CAPL) of Scan 19 - 24 in
Case 03. The bump disappeared in experimental data, and the trend in experimental
data is captured by simulation results. The laser power of these scans can be referred
to in Figure 3.9.

Scan 01, Case 02 has the smallest average melt pool length, and then the average melt
pool length increases from Case 03 and then decreases again from Case 07. On Scan
24, both CAPL and experimental data suggest the smallest average melt pool length

is in Case 09 and the largest average value is in Case 01.
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Figure 3.17: Scan 19 in Case 03 - Case 10 as a function with respect to scan distance.
AMMT data vs CAPL simulation results.

Scan-wise melt pool length evolution

In this section, I will discuss the melt pool length evolution across the scan vectors.
The average melt pool length of each scan vector is shown in Figure 3.19. From Scan
05 to Scan 39, melt pool lengths first increase, then plateau, and finally drop. This
trend is consistent with the lengths of these scan vectors. The length of the scan vector
starts as short with Scan 05 at the right bottom, reaches the maximum at Scan 19
and plateau, and decreases again to the last Scan 39. The scan vector averaged melt

pool length is short when the total scan vector length is short and vice versa. This is
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Figure 3.18: Mean value of melt pool length on Scan 01 (a) and Scan 24 of Case 01 to

Case 10 (b) and laser power on Scan 24 (c). CAPL predicts a similar result compared
with experimental data.

because the melt pool needs the scan vector to be long enough to have its tail formed.
On each scan vector, the melt pool always starts with a relatively round shape and
gradually evolves into a tear shape as the laser moves (see Figure 3.20). A scan vector
that is too short will be dominated by the melt pool shape without tails.

The scan vector length is not the only factor that affects the melt pool length. In
both the experiment data and modified CAPL simulation results, I observed some
trends which could be explained by the influence of reheating from adjacent scan

vectors. As shown in Scan 19-24 in Case 01, the difference in melt pool length between
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Figure 3.19: Scan-wise average melt pool length, Case 01, 02, 03, 05 in (a), (b), (c),
and (d). The oscillation of experimental data is due to the perturbation of plume
frames.

Figure 3.20: Experimental frames of Scan 39 in Case 01. Scan 39 is the last scan vector
and only has four melt pool frames. The melt pool evolves from a relatively round
shape to a tear shape.
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Table 3.2: Relative error of melt pool length predicted by CAPL

Case No. 01 02 03 04 05
Relative error (%) 11.11 9.80 9.62 881 8.44
Case No. 06 07 08 09 10
Relative error (%) 821 887 9.03 11.66 12.70

the neighbor scan vectors seems negligible. It seems the reheating from the adjacent
scan vectors is negligible since Scan 24 has a comparable melt pool length to that in
Scan 19. However, it is interesting to note that, even though they have identical scan
vector lengths, Scan 39 always has a longer melt pool length compared to Scan 05.
Note that Scan 05 is the first 45-degree scan vector and Scan 39 is likely due to the
accumulation of residual heat in the scanning progress. Similar situations can be also
found in other cases, see Figure 3.19. This also might be due to the reheating from
the adjacent scan vectors, and this effect is only significant at the beginning of the

scan vector where the melt pool is relatively round without a tail.

Melt pool width validation

The CAPL simulation results cannot be directly used to obtain the melt pool width
because they are only defined on the scanning paths. In the present chapter, I ob-
tained the melt pool width from the reconstructed melt pool based on the CAPL
simulation results. I reconstructed the melt pools by using inverse distance weighted
interpolation of temperature distribution. Since the temperature for every element

at any specific time is available, the temperature at any location can be given by
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Figure 3.21: Melt pool from CAPL (left) and its interpolation (right).

interpolation:
N
¥ wy ()T,
7(r) = Zete)h (35)
3 wilz)
where w;(z) = d(xlx_)p is the power p of the inverse of distance between element :

and location z (I used p = 1.3 here which minimizes the errors). N is the number
of elements inside the active body. In the present chapter, I interpolated the melt
pool shape on a 0.96 mm x 0.96 mm region with a 120-pixel x 120-pixel frame. An
example of such interpolation is given in Figure 3.21. I obtained the melt pool width
by the same approach used for experimental melt pool width with the interpolated
temperature distribution: melt pool width is the length of the minor axis computed
by the regionprops function with the given interpolated temperature distribution.
Melt pool width from the experiment dataset and prediction by CAPL through
interpolation and the relative errors are shown in figure 3.22. The averaged relative
errors for all cases are reported in table 3.3. The melt pool width has less variation
compared with the melt pool length. For example, the melt pool width evolution

of the Scan 19 is plotted as a function of scanning distance along the scan vector in
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Figure 3.22: Experimental (AMMT) melt pool width map (middle), the interpolation
results based on CAPL simulation results (left), and the relative errors in percentage
(right) for cases 01 - 04. AMMT and CAPL results share the same color bar.

Figure 3.23). Note that laser power is not constant in Cases 02, 03, and 05, but both
CAPL simulation results and experimental data suggest melt pool width has very
little variation compared with the melt pool length in a scan vector like it is in Case 01
(see Figure 3.15), indicating that the melt pool width is less sensitive to laser power

than the melt pool length.
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Figure 3.23: Melt pool width on Scan 19 of Cases 01, 02, 03, and 05 in (a), (b), (c), and
(d). Both experimental data and CAPL simulation results show a relatively constant
evolution.

Table 3.3: Relative error of melt pool width predicted by interpolation of CAPL results

Case No. 01 02 03 04 05
Relative error (%) 9.80 693 8.62 8.753 9.50
Case No. 06 07 08 09 10
Relative error (%) 9.90 10.64 999 13.71 9.36
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3.4 Discussion

In this chapter, I developed an path-scale PBF thermal simulation approach based on
contact-aware path-level (CAPL) discretization. I validated the proposed approach
with melt pool shapes acquired by the Additive Manufacturing Metrology Testbed
(AMMT) built by the National Institute of Standards and Technology (INIST). I
demonstrated that the proposed approach achieves a good match of the melt pool
length and width compared with the experimental data. I also discussed the influence
of laser power on the thermal history at the path-scale level.

One source of error during the CAPL validation is the increase in the difference in
melt pool length at the beginning of the laser scan while the laser power and speed
remain constant in Case 01. This is likely due to the use of constant absorptivity in
the current work, which is widely assumed among LPBF thermal history simulations
[45, 62, 63]. Such an assumption results in an underestimation of the absorptivity
at the beginning of high-power scan vectors during the calibration, for example in
Case 01 and Case 09 (see Figure 3.25). Experimental measurements have observed
absorptivity to change throughout the laser scan path [59, 61, 3]. For example, a
distinctive four-stage change in laser absorptivity has been identified for heating a
stainless steel plate [3]: (a) an initial rise due to the shiny plate melting increasing
surface roughness, (b) a subsequent drop due to the liquid melt pool formation and
increased reflectivity, (c) the second rise due to the formation of the keyhole, and
(d) eventually a keyhole-related high-frequency periodic oscillation. A dynamic
laser absorptivity depending on the time and distance of the laser start as well as the

condition inside the meltpool therefore will better capture the melt pool behavior
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near the beginning of the laser scan.

Based on this observation, I created a simplified model that captures the laser
absorptivity trend in stages (a) and (b). I assign the absorptivity by a piecewise
linear model (see Figure 3.27) in the range from 0 to 0.8 mm. A constant absorptivity
(0.41) is assigned to the rest of the scan vector. I apply this simplified model to Case
01. The results are shown in Figure 3.26. The dynamic laser absorptivity model not
only results in a better overall prediction of the melt pool length but also reproduces
the “bump” seen at the beginning of the scan (see Figure 3.27). A more accurate laser
absorptivity that is based on physical testings and models the keyhole behaviors in
stages (c) and (d) is outside the scope of the current discussion and will be studied
as part of future work to further improve the CAPL approach.

The second future improvement is to better predict the melt pool width as well
as the shape of the melt pool. Recent progress in machine learning has enabled an
exponential increase in research into leveraging machine learning to predict and
control additive manufacturing processes [64, 65, 66]. We developed a conditional
Generative Adversarial Network (cGAN) -based approach [67, 68, 69] to predict the
melt pool image based on the thermal history along the laser scan path [70]. GAN
uses its generator to generate candidates and uses its discriminator to evaluate the
candidates. The generator and the discriminator are trained so that eventually the
generator is able to predict accurate melt pool frames. The data pair of thermal history
and melt pool images for neural network training and validation are obtained through
CAPL and AMMT data, respectively (see Figure 3.29). Specifically, We snapshotted

the thermal history into a series of thermal distribution images that match the field-
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Figure 3.24: A schematic of dynamic laser absorptivity reproduced from paper [3].
The top, middle, and bottom are the dynamic absorptivity under the conduction
model, transition model, and keyhole model. The different models are determined by
the laser input energy density. Stages (a, in red) and (b, in blue) are mostly visible in
the conduction model, while in keyhole model is dominated by stages (c, in black)
and (d, in green). In the transition model, all four stages are visible and there is
low-frequency keyhole oscillation.

of-view and time steps of the captured melt pool images to work as the conditional
inputs into the cGAN. Compared to the interpolation approach discussed in Section
3.3, the machine learning-based approach better captures the overall shape of the
melt pool, which, in turn, provides further insight into the steep thermal gradient
inside the melt pool. We validated the prediction of the melt pool images through
geometric characteristics, including length, width, and angle, of the melt pool. Such

a machine learning model could be used to improve the modified conduction model
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Figure 3.25: Scan-wise average melt pool length, Case 09. Relatively large errors are
observed at around Scan 05 and Scan 39, where high laser power is used.

in the present chapter. For example, here the conduction characteristic distance d is
a constant, and its machine learning model could be used to map this quantity as a
function of process parameters to further improve accuracy.

Simulation of the LPBF process is challenging not only because of the underlying
multiphysics and multiscale problems but also the need for calibration due to the
intrinsic high uncertainties of many process parameters and material properties.
However, the need for recalibration also depends on the particular application of the
thermal history result. For example, in the present work, I calibrated the absorptivity
since it has a significant influence on the melt pool length. On the other hand, in

applications where only qualitative information is required, such as improving the
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Figure 3.26: CAPL results of Case 01 with the non-constant absorptivity surrogate
model (higher absorptivity at beginning of every scan) on the bottom and the results
with constant absorptivity on top. Mean error is smaller (9.10%) compared with no
surrogate model (11.11%) shown in table 3.2. The underestimation of the "bump"
can be seen improved with the non-constant model.

design to reduce over and underheating and using thermal history as a physical prior

for machine learning-based melt pool prediction, (re)calibration may not be required.
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Figure 3.27: CAPL results of Case 01 with the surrogate model of Scan 01 (a) and Scan
19 (b). The “bump” can be reproduced by the piecewise linear surrogate absorptivity
model (c). The peak value of the surrogate model is 0.73.
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Figure 3.28: Average of melt pool width of Scan 01, Case 01-Case 10.

Figure 3.29: An example of melt pool prediction by machine learning. The left, middle,
and right are the input, ground truth, and prediction respectively.
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4  PATH-LEVEL RESIDUAL STRESS SIMULATION

4.1 Introduction

Laser Powder Bed Fusion (LPBF) is a form of metal additive manufacturing (AM)
that employs lasers as moving heat sources to melt and solidify thin layers of metal
powder along a predefined tool path, building the part layer by layer [5, 6, 7]. LPBF
has gained significant attention due to its ability to create lightweight, intricate struc-
tures. Despite its potential, the full exploitation of LPBF is hindered by the challenge
of consistently predicting and controlling the quality of manufactured components
and material performance [51]. Complex thermal-mechanical processes give rise to
uncertainties such as undesirable deformations, material property variations, and
residual stress, which pose significant problems, especially in industries where relia-
bility and precision are paramount. The inability to accurately predict and mitigate
these issues has restricted the application of AM in critical areas. The complexity is
compounded by scanning paths, as different paths lead to distinct thermal histories
and residual stresses, emphasizing the need to understand their influence on material
properties.

The LPBF process involves many complex multi-physics and multi-phase phe-
nomena, including the melting of metal powders and remelting of solidified metal,
the fluid dynamics and heat transfer of the molten metal, and the microscopic grain
structure resulting from the solidification of liquid metals, and so on. Capturing all
these effects from the first principle can be extremely computationally expensive,

even if only for a small domain. For example, it takes up to 4000 minutes to simulate
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a single scan melt pool on a 390 x 210 x 50um?* domain [26]. As discussed previously,
to simulate the LPBF residual stress, researchers made various assumptions to sim-
plify the model which leads to the "voxel-based approach". Despite the assumptions
and simplifications, the voxel-based approach is still expensive and so far is only
applicable to a small domain. For example, the simulation of a single layer whose
size is 2 mm by 2 mm in the literature takes more than 1 day [41].

To efficiently simulate the residual stress, researchers proposed agglomeration
approaches such as the inherent strain method [48, 49] that completely bypass the
laser scanning path. This method is a two-step approach. Firstly a full-scale simulation
is conducted on a small sample domain to extract the effective “inherent strain”.
Then, multiple powder layers are agglomerated as a single “superlayer” where the
simulation is conducted as a superlayer-wise activation process. The inherent strain is
applied on each superlayer sequentially. This agglomeration approach is very efficient,
however, it can no longer predict the effect of the scanning paths. The correlation
between the thermal history and the scanning path especially the sequence of melting
and solidification is ignored. This is particularly problematic for the boundary region
of a layer, as well as layers with intricate details, where the influence of the scanning
path is more pronounced.

In the previous chapter, I discussed the PBF-CAPL which captures the thermal
histories of the LPBF process [71] on the path level. This approach efficiently captures
the influence of the scanning paths on the thermal history. PBE-CAPL differs from the
conventional finite element approaches as PBF-CAPL only requires discretization on

the path level. The discretized elements of PBF-CAPL are some line segments along
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the scanning path. A lumped model is defined on such line segments to model the
convection-conduction-radiation problem. I validated this approach by comparing
the experimental and simulation melt pool length.

Multiple studies [2, 33, 72, 73] suggested that the residual stress in the LPBF layer
is anisotropic: the stress is more dominant in the laser scanning direction than the
transverse direction in the powder layer plane. I will use the term “anisotropic stress”
of the LPBF process for simplicity. Such anisotropic stress is due to the thermal gradi-
ent (spatial temperature gradient) around the melt pool being highly anisotropic [2].
Because the PBF-CAPL uses the lumped element along the scanning path, it does
not capture such anisotropic thermal gradients on the path scale. Consequently,
PBF-CAPL results can not be applied directly to the conventional finite element-based
mechanical simulations.

In this chapter, I developed a novel thermomechanical simulation approach for
LPBF based on the path-level thermal history. The new approach requires a coarser
discretization compared to those used in conventional voxel-based approaches. An
overview of the new approach is shown in Figure 4.1. Firstly I computed the residual
stress of around the steady-state melt pool from a fine-scale simulation to capture the
anisotropic stresses. Secondly, I used a path-level thermal simulation to obtain the
thermal history for the given scanning path. Then I utilized the fine-scale results and
the path-level thermal history to compute an “effective thermal strain” which reflects
the anisotropic stresses. The effective thermal strain is an anisotropic strain that is to
be used in the path-level mechanical simulation. Lastly, the effective thermal strain

is applied to the path-level mechanical simulation to simulate the LPBF path-level
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Figure 4.1: Outline of the path-level LPBF simulation

residual stress.

My main contribution is to provide an approach to simulate the residual stress
on the path level. I developed this new approach with an effective thermal strain
used to address the anisotropic stresses in the scanning and transverse directions.
The new approach is more efficient compared with the conventional voxel-based
approach which requires the discretization to capture the details of the melt pool.
The discretization used in the proposed approach only needs to capture the scanning
paths. Thanks to the better efficiency, I can simulate the LPBF scanning process on
larger and more complex layers. I further investigated the effects of layer shapes and
scanning paths on the residual stress. To the best of the authors” knowledge, little

work has been done to investigate the influence of the laser scanning path especially
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the sequence of the melting and solidification on the residual stress using simulations.

The rest of the chapter is organized as follows. In Section 2, I will formulate and
validate a new path-level mechanical simulation framework for the LPBF process.
In Section 3, I will present the simulation results of different island checkerboard
patterns, including single island tests and single layer tests which include multiple
tull or trimmed islands. I will discuss the effect of the scanning path on the path-level
residual stress based on my simulation results. In the last section, I will conclude the

present work and discuss the possible future work.

4.2 Formulation

As discussed previously, voxel-based approach requires fine discretization to capture
the thermal gradient around the melt pool. Consequently, the thermal history from
PBF-CAPL cannot be directly applied because it lacks the resolution in the transverse
direction. In my method, I proposed a novel effective thermal strain to capture the
anisotropic stresses. The proposed method includes four major steps: (1) Obtaining
the desired anisotropic stress by simulating the residual stress of around a melt pool
using the conventional voxel-based approach. (2) Conducting path-level thermal
simulation by PBF-CAPL. (3) Constructing the effective thermal strain with the
thermal history from the PBF-CAPL and the anisotropic stress from the voxel-based
approach. (4) Conducting the path-level mechanical simulation by applying the
effective thermal strain. I will show the details below with an example compared to
the results by the voxel-based approach [2].

In the first step, I conducted the thermomechanical simulation of a steady-state
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Table 4.1: Process parameters and material properties of Ti6Al4V [2]

Melting temperature 1923 K
Environmental temperature 473 K

Layer thickness 40 pm

Laser power 825 W

Laser speed 0.5m/s
Environmental convection coefficient 10 W/(m? K)
Element size 20 pum

Laser spot size 50 pm

melt pool to obtain the residual stress distribution with the voxel-based approach.
This step serves the purpose to obtain the ratio of the anisotropic stresses in the
scanning and the transverse direction, which will be used to compute the effective
thermal strain in the following steps. I chose the scanning path length to be 3 mm
to ensure a quasi-steady state is reached. The simulation use the weakly coupled
voxel-based simulation. The thermal simulation is implemented with a homemade
finite element code. The simulation and process parameters are given in table 4.1.
The mechanical simulation is implemented with the KratoMultiphysics [74, 75, 76].
The melt pool temperature distribution and the stress are shown in Figure 4.3.

The second step is to obtain the path-level thermal history. The thermal history,
along with the ratio of the residual stress from the previous step, will be used to
compute the effective thermal strain. I used PBF-CAPL to compute the path-level
thermal history. The scanning paths are given in Figure 4.2 and the process parameters
are given in Figure 4.1.

The third step is to compute the effective thermal strain. In this step, I converted
the results of the fine-scale problem into a model to be used in the path-level problem.
Recall the purpose of the effective thermal strain is to reproduce the same anisotropic

stresses. For the fine-scale problem, the residual stress comes from the anisotropic
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thermal gradient which causes non-uniform deformation around the melt pool. The
deformation in the path-level simulation is more uniform since one path-level element
covers the entire hatching space. To achieve the same anisotropic stresses, we alter
the thermal strain on the path level from the conventional isotropic one to an effective

anisotropic one (assuming scanning along x direction):
T
ee(T) = ([ a()dn[1,7,1,0,0,0]" (41)

where 7 leads to the anisotropic stresses. Now the question becomes how to deter-
mine r. Note deformation and plasticity happen mostly when temperature is high
(stiffness is low) and stresses build up after cooling down. When stresses build up,
I considered the deformation of the path-level element to be approximated to the
plastic deformation, therefore e, + €; = €5ta1 — €, = 0, then by Hooke’s law we have

the following equation for a path-level element:

—eti_eevl’_l/E(o-x_VO'y) _1—1/%

(4.2)

€ty N €ey - 1/E(o, — voy) vy

Oz

Because we need to ensure the same anisotropic stresses, the ratio -* needs to be
equal to the one from the fine-scale problem. The corresponding value in the fine-scale
problem is the ratio of the average stresses of the stress distributions around the melt
pool Z—Z Now r is available when we substitute % = ~*into equation4.2. Then we have
the expression of the effective thermal strain in equation 4.1: its coefficient fgm a(t)dt
reflects the thermal history while the value r causes the anisotropic stresses. The

average residual stress is computed by taking all the elements’ stress except for those
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whose magnitude is smaller than e. The exclusion of these elements is to exclude the
non-melted elements. In the current chapter I chose ¢ = 1 KPa. The average residual
stress is computed as o, = 61 MPa, 5, = 30MPa, so we have the ratio » = 0.2 according
to equation 4.2 and the effective thermal strain € .(7') = (fg a(t)dt)[1,0.2,1,0,0,0]T.

The last step is to apply the effective thermal strain in the path-level simulation.
The path-level simulation use the same implementation as the conventional voxel-
based approach except for two differences: (a) The thermal strain will be replaced by
the effective thermal strain, and (b) the domain is discretized to capture the scanning
path (instead of fine discretization to capture the melt pool).

Because we use the effective thermal strain and it is no longer needed to capture
the details of the melt pool shape, the discretization is only needed to capture the
scanning path instead of the melt pool shape. In my thermal simulation using PBF-
CAPL, the discretization is linked to the scanning path, with the path-level elements
having their widths set equal to the hatch space. In the mechanical simulation, the
discretization is needed to capture the same scanning path. For simplicity, I used a
regular voxel mesh whose element size is the hatch space since such a discretization
is enough to capture the scanning path. The temperature of the mechanical element is
mapped from the nearest thermal element. Compared to the conventional approaches,
both my thermal and mechanical simulations have a much coarser discretization and
thus are more computationally efficient. It is noteworthy that we can alternatively
reconstruct the melt pool shape directly from path-level thermal history using our
MeltpoolGAN [70]. This fast reconstruction method enhances efficiency and better

accounts for the variations in melt pool shape under different combinations of laser
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speed and power compared to the thermomechanical simulation.

I compared the path-level simulation results with the results of voxel-based ap-
proach from literature [2]. The scanning of a single-layer Ti6 Al4V powder is simulated.
Scanning paths include a post-contour scanning of (a) unidirectional parallel scanning
and (b) alternating parallel scanning. I conducted the path-level simulation of the
same paths with my new proposed approach. As discussed previously, my approach
only needs discretization resolution to capture the scanning paths, the element size is
small as long as it is comparable to the PBF-CAPL element. Here, the element size is
90 x 100 x 40 mm? (in the reference paper the element size is 20 x 20 x 20 mm?). It can
be seen my approach uses much fewer elements (20 x 20 x 20 : 90 x 100 x 40 = 1 : 45).

The results show that my approach is a good match compared to the voxel-based
approach. It is noted by the researcher that there are three scanning-path-led pat-
terns [2]: (a) the "ripple effect” is found in the stress distribution, (b) stress is situated
centrally along the hatch region and decreases toward the end of the scan vectors in
the hatched region, and (c) the stress in the scanning direction is more dominant
compared to those in the transverse direction. As shown in Figure 4.4, all these three
patterns are replicated by my path-level simulation. The maximum magnitude of
the stresses also approximately matches the results from the literature. The slight
difference between these numbers might come from different physics models. For
example, the preclusion of latent heat in the reference implementation lead to ab-
normally high maximum temperature. The inclusion of latent heat in PBF-CAPL
significantly decrease in the maximal temperature into the normal range, result in a

quantitatively different stress than the reference implementation.
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Figure 4.2: Scanning paths (unidirectional and alternating with a contour scanning)
used by Parry et al. [2]. The laser start from blue to red. As shown by the color, the
post contour scanning happens after the parallel scanning.

1500

1000

Temperature/K

500

Figure 4.3: Snapshot of temperature distribution around the melt pool and the fine
scale residual stress. The pixel size is 20 um. The melt pool length is 0.32 mm. Left:
stress along the scanning direction. Right: stress in the transverse direction.
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(a) “ripple” effect on
alternating scanning

Kcan vectors
(a) Stress is
dominant along /“'

scanning
direction (y)

Figure 4.4: Simulation results by my approach (unidirectional at left and alternating
at right). The top is the stress in y direction and the bottom is the stress in x direction.

I further demonstrated that my approach is indeed reasonable by comparing it
to the key parameters used in the inherent strain method [48]. The cross-validation
results are available in another paper [48], where the authors obtains the inherent
strain for Ti6Al4V is determined as ¢, = 0.013 and ¢, = 0.003. If we consider thermal
history to be uniform with constant r, then my approach can be described as the in-
herent strain method on the path level. Considering the thermal expansion coefficient
is around the order of 1075/ K and the melting point for the metal is around 1923 K,
the thermal strain (cooling down from melting point to room temperature) can be
estimated as (1923 — 293) K * 1075/ K = 0.0163, which is approximated to the order

of 0.013 given by the literature. Recalling we have the ratio = 0.2, the inherent strain
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is estimated to be ¢, = 0.0163 and ¢, = 0.0163 * 0.2 = 0.00326, which is a good match
with the results from the literature ¢, = 0.003.

I further demonstrated that my approach is indeed reasonable by comparing it
to the key parameters used in the inherent strain method [48]. . Cross-validation
results can be found in another paper [48], where the inherent strain for Ti6Al4V is
determined as €, = 0.013 and ¢, = 0.003.

If we assume the thermal history to be uniform with a constant », my approach
can be conceptualized as the inherent strain method at the path level. Considering
the thermal expansion coefficient is approximately 107° /K and the melting point of
the metal is around 1923 K, the thermal strain (cooling from the melting point to
room temperature) can be estimated as (1923 — 293)K x 107°/K = 0.0163. This is
approximately equivalent to the value of 0.013 given in the literature. Taking into
account my ratio » = 0.2, the inherent strain is estimated to be ¢, = 0.0163 and
ey = 0.0163 x 0.2 = 0.00326. This estimation aligns well with the literature value of
ey = 0.003.

4.3 Residual stresses on island patterns

In this section, I will simulate the residual stresses of various island checkerboard
patterns. I will first conduct simulations of single islands as well as single layers
that consist of multiple full and trimmed islands. I will then discuss the influence of
path-level thermal history and the layer boundaries on the residual stress with the
simulation results. I observed two factors that affect the path-level residual stress:

one is the the uneven shrinkage caused by the order of solidification, another is the
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Table 4.2: Process parameters for island tests.

Environmental temperature 473 K
Absorptivity 0.77

Hatch space 100 4 m
Layer thickness 40 pm

Laser power 80 W

Laser speed 1m/s
Environmental convection coefficient 10 W/(m? K)
Laser spot diameter 50 pm
Platform thickness 4 mm

thermal history more specifically the cooling rate.

Residual stresses on various single-island pattern

Island patterns are increasingly popular for the LPBF scanning paths [77, 78]. In this
chapter, scanning patterns including unidirectional scanning, checkerboard patterns,
and spiral patterns are simulated as single-layer tests, shown in Figure 4.3. The color
from blue to red represents the laser start and end positions. I used the same process
parameters for all the patterns, see table 4.2. All the patterns have the same 2 mm x
2 mm dimension.

The residual stress shown in Figure 4.3 are those when the layer is cooling down
to environmental temperature. The simulation results show that the residual stress at
a specific point is mostly dominated by the scanning direction through the specific
point except for some regions in two cases: the inward spiral case and the pre-contour
case. In most cases, the residual stress is tensile (positive) as the consequence of the
volume is shrinking due to cooling: the materials tend to shrink, but the shrinking
tendency is constrained by its neighbor. In other words, a specific point is stretched

by its neighborhood, therefore the stress is tensile. However, there are compressive
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Figure 4.5: The crescent moon shape of the single layer simulation.

stress regions in the pre-contour and the inward spiral cases. In both two cases, the
compressive regions are the last region to be scanned and solidified. The compressive
stress is likely due to the already solidified neighborhoods which act as constraints
that limit the deformation of the last region in all directions. Though the last region
intends to shrink, it has expanded in the transverse direction due to the Poisson effect.
Such expansive deformation is limited by the neighborhood which causes strong

compression.

Residual stresses on multiple trimmed islands

I simulated the LPBF process on a larger crescent moon shape which contains multiple
full and trimmed islands. As shown in Figure 4.5, the scanning on a crescent moon
of 8 mm x 10 mm is simulated. The process parameters are the same as those used
in the single-island simulation.

I tested my simulation approach on various island patterns. The simulation results

indicate that the residual stress patterns generally resemble those from single island
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Figure 4.6: The Cauchy residual stress in XX and YY directions of an alternating
parallel islands crescent moon.

tests. As shown in Figures 4.6 and 4.7, the results of most spiral islands are similar to
the one in the single island test, except for the left bottom corner one in the red box.
The compressive region is barely visible in the red box. I postulated the reason for this
difference is that the center of the island is no longer constrained by its neighborhood
in all directions since part of the island is trimmed off. Again, this case shows how
the scanning order and the layer shape can affect the residual stress.

It is noteworthy that most of my islands have similar residual stress as those in
the single-island tests. Note that €;,,;s = €. + € + ¢, such similarity suggests for
those islands, their €, and ¢, are similar those on the other islands respectively.
This similarity of €. is attributed to the fact that the deformation is small in the
single-layer test. In the single-layer test, the layer is fully attached to the platform
as there is no underlying overhang region, therefore deformation is expected to be
small. In general cases, small deformation is expected in the absence of overhangs or

when overhangs are present but adequately supported. The similarity of ¢, indicates
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Figure 4.7: The Cauchy residual stress in XX and YY directions of an spiral islands
crescent moon. The compressive region in the red boxes are not clearly visible due to
they are on the layer shape boundary.

the thermal history is similar on different islands because of the rapid cooling and
solidification as the layer is fully connected to the underlying platform. Figure 4.8
demonstrates the stress in one island rapidly builds up as the laser moves away from
this island: as the laser is scanning in the island at = € [0.004, 0.006], y € [0.008, 0.01]
mm, the temperatures are elevated and stress levels are low. Temperature rapidly
decrease to below 1000 K and the stress increases in regions where the laser moves
away from these areas.

Such highly localized stress formation results in similar stress distributions across
different islands with the same pattern. Despite their similarity, the influence of
heat accumulation on stress, resulting from the scanning paths, remains noticeable.
I demonstrated such difference in Figures 4.9 -4.11. I used the time over threshold
temperature [79] to demonstrate the difference of thermal histories. Here I chose the
threshold to be 923 K. It shows that the thermal history varies among different islands

based on their order, owing to differences in thermal accumulation. The time over
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Figure 4.8: The residual stress and the temperature during the scanning process.
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Figure 4.9: The residual stress and the time over threshold of parallel scanning paths.

threshold is larger for the islands that are scanned after their neighboring islands,
compared to those scanned earlier in the sequence. In other words, the cooling for
these islands are slower. Compared with the stress distribution, it is shown that
the low residual stress regions coincide with the region having a higher time over
threshold. This indicate the slow slow cooling is likely to cause less residual stress.
These cases show how the sequence of islands can affect the cooling rate which causes

different residual stress distribution.
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Figure 4.10: The residual stress and the time over threshold of parallel scanning paths
in the reverse order of the case in Figure 4.9.
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Figure 4.11: The residual stress and the time over threshold of parallel scanning paths
in the spiral order of the case in Figure 4.9.

4.4 Discussion

In this chapter, I proposed an approach to simulate the residual stress on the path level.
The proposed approach is capable to utilize the path-level thermal history to simulate
the residual stress. The proposed approach is capable of capturing the path-level
thermal and mechanical evolution. Compared with existing approaches, the present
approach is more accurate than the layer-based approach since it is capable to simulate

on the path level, and it is more efficient than the conventional voxel-based approaches
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as the new approach does not need to capture the details of the melt pool. I validated
my present approach by comparing my simulation results with the results by the
voxel-based approach from the literature. A good match is obtained. I discussed the
factors that affect the residual stress by conducting numerical simulations with my
approach to the island’s patterns. The influence of the path-level thermal history and
the layer shape on the residual stress are discussed.

Understanding the gaps in existing methods is crucial for advancing the simula-
tion of LPBF processes. Currently, available approaches provide efficient layer-wise
methods like the inherent strain method, along with accurate but more expensive
voxel-based approaches. While the efficient layerwise methods excel in regions where
the path is less significant, identifying the regions where the path plays a crucial
role and determining how to address them remain challenges. It is imperative to
comprehend the assumptions or process parameters that dictate the efficacy of these
methods.

The stress observations from my study shed light on these challenges. I found that
the stress in the single-island test closely resembles that of the multi-island layer. This
similarity might be attributed to the localized formation of residual stress, a result
of rapid cooling and minimal deformation in the single-layer test. I demonstrated
that my approach can be simplified to a path-level inherent strain method with these
observation assumed. However, I also highlighted that stress can be influenced by
the complex layer boundary and the sequence of solidification.

Incorporating path-level stress simulation and the path-level thermal simulation

could be a pivotal component of a comprehensive part-scale LPBF simulation strategy.
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I developed a hybrid layer-path thermal simulation approach which will be discussed
later. The path-level simulation is conducted at the region where the scanning path
has critical influence. The mechanical simulation methodology introduced in this
chapter could potentially serve as a foundation for a comparable layer-path mechanical

simulation, bridging the identified gaps in existing methods.
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5 MULTISCALE SIMULATION

5.1 Introduction

While the LPBF process holds immense promise for advancing manufacturing capa-
bilities, the optimization of process parameters and the prediction of final part quality
remain significant challenges due to the complex thermal history. The complex ther-
mal history directly influences the microstructure [15], mechanical properties [16, 17],
and overall performance of the final part. The localized heating and rapid cooling
inherent in the LPBF process introduce complexities that necessitate a nuanced un-
derstanding of the process dynamics. The aim of modeling these processes is to gain
input into process behaviors and confidence in process configurations. Researchers
have explored voxel-based approaches for simulating LPBF processes as discussed
previously. Voxel-based simulations offer high fidelity in capturing the thermal his-
tory and material behavior along individual scanning paths. However, they often
suffer from prohibitively high computational costs [80, 81], limiting their practical
applicability for process optimization and part quality prediction. Recognizing the
computational challenges, researchers have proposed layer-based approaches, where
each layer is treated as a homogeneous entity subjected to uniform thermal condi-
tions. While layer-based simulations offer computational efficiency, they sacrifice the
ability to address path-level issues and accurately represent the non-uniform thermal
profiles experienced by individual scanning paths. The loss of path-level information
in thermal history might cause unexpected warping, residual stress, or deviations

in the material properties [51, 52]. Insight into scan strategies, when accompanied
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by the necessary controls, can be used to reduce residual stresses and even create
tailored microstructures. The better a model can capture the complex physics, the
greater the chances of achieving desired outcomes. The faster the model can compute
solutions, the more practical and efficient it is for adoption, particularly when aiming
to achieve part scales.

A common trade-off encountered when modeling AM processes is one of fidelity
versus performance. A delicate balance is often desired when accounting for these two
factors, especially when exploring real-time and near-real-time applications. In the
previous work, I developed a path-level simulation approach called PBF-CAPL [82].
The PBF-CAPL addresses the shortcomings of both voxel-based and layer-based
approaches by offering a scalable solution that captures the path-level dynamics of
LPBF while maintaining computational efficiency. I have validated my approach
on an Inconel 625 (IN625) bare plate with the melt pool length coming from the
melt pool images by National Institute of Standards and Technology (NIST) Additive
Manufacturing Metrology Testbed (AMMT) data [56]. Though PBF-CAPL is scalable,
substantial amount of timestep are required for a part-scale problem.

Though the PBE-CAPL is more efficient compared to the voxel-based approach,
it is still challenging to simulate the part-scale problem due to the large number of
timesteps which is required. In the present paper, I proposed a novel simulation
approach that integrates both path-level and layer-level methodologies to enhance
efficiency for the 3D part. This proposed approach is capable of providing a path-level
thermal history on 3D structures. I tested my approach on a part built by an LPBF

process with IN625 powder !. This study will contribute to the deeper comprehension

IThe data can be downloaded from NIST [83]
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of the LPBF process, particularly concerning phenomena associated with scanning

paths and their impact on 3D features, such as overhangs.

5.2 Formulation

Hybrid layer-path approach

In the proposed new approach, I developed an layer-level mode and synergistically
integrate the path-level mode and the layer-level mode. The layer-level mode provides
a fast simulation of the low-fidelity temperature where the scanning path does not
have a significant influence. Then the low-fidelity temperature will be used in the
path-level simulation where the thermal history is more path-sensitive.

In the layer-level mode, the heat source, @);, is applied on the powder layer i in a
short period 7. called exposure time. In a specific location = on a specific layer, the
laser input energy H(z,t) is a function of = and time ¢ according to the scanning path.
Usually, time ¢ determines the laser location, and H (z, t) is a Gaussian distribution
around the laser location at time ¢. The heat input equals the integration of the laser

heat energy along the scanning paths on the layer:

Q(x) = /tl H(z, t)dt (5.1)

to

where the ? is the time z being melted and ¢, is the time when the laser is deactivated
in the current layer. This formulation considers the influence of remelting by the laser
input energy after the melting time ¢,. Then the heat source (); is computable as a

distribution (a function of x) on the layer i.
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It is noteworthy that the exposure time is a critical parameter governing the
thermal history in the layer-level approach. A shorter exposure time will lead to
higher temperatures because the heat conducted away is less in a shorter period. In
this study, I calibrated the exposure time to be 5 x 10~° seconds. Here the calibration
of the exposure time is to ensure the thermal history in the lower temperature range
is correct so that the low-fidelity thermal history is applicable to the path-level mode.
The proposed approach switches from the layer-level mode to the path-based mode
when the laser moves close to the region of interest. The temperature from the layer-
level mode is used as the initial temperature for the path-level simulation which is

discussed in the previous chapter.

Calibration

I used the “Overhang Part X4” dataset from the AMMT at NIST [83]. The original
dataset comes from the building of four nominally identical parts. Each part (5 x
5 x 9mm?*) has two overhang features, one is a cylindrical cutout, and another is a
45° overhang slope, as shown in Figure 5.2. The part consists of 250-layer scanning.
The layer thickness is 20 ym. In each layer, the laser first has a contour scan when
the power is 100 W and the speed is 0.9 m/s. After the contour scanning, the laser
scans the interior region, with the power being 195 W and the speed being 0.8 m/s.
The scan direction switches alternatively between 0° and 90° at even and odd layers,
respectively. The nominal hatch space is 100 m and it is slightly adjusted in each
layer. Specifically, the path-generation algorithm takes the longest distance of the

layer and then divides it evenly to obtain the hatching space.
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Figure 5.1: The polynomial curve of the relation between temperature and digital

level value (1-255).

The dataset is the melt pool images acquired during the execution of the aforemen-

tioned process plan by the co-axial melt pool monitoring (MPM) at NIST. The melt

pool image is 120 x 120 pixels at a resolution of 8 um/pixel. Each pixel in the melt

pool image is an 8-bit digital value, which is calibrated to a function of temperature

by the Sakuma-Hattori equation [84]. A fitted polynomial model is 7' = aS® where

a = 906.2,b = 0.1546, see Figure 5.1.

In this section, I calibrated the LPBF process parameters including absorptivity

and powder conductivity by measuring the track length over the threshold temper-
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Figure 5.2: (a) The layer 226 (the red cross section) is the layer at the upper end of
the cylindrical cutout. (b) The part drawing.

ature. I chose the threshold temperature to be 1800°C because I could obtain the
corresponding track length from the melt pool images. The melt pool image size in
this work is 0.96 mm by 0.96 mm. The track length exceeds the melt pool image size
if the threshold is too low, see Figure 5.3. The calibration is performed to optimize
the process parameters to achieve a simulated track length that correlates with the
experimental data. I simulated one of the four identical parts with my proposed
approach, where the layer-level mode is used for layer 1 to layer 209, and the path-
level mode is used for layer 210 to layer 226. I then compared the simulation results
and the experimental results. I calibrated the absorptivity to be 0.7 and the powder
conductivity to be a function of temperature. The process parameters including the
calibrated ones are shown in table 5.1.

It’s noteworthy that the overhang region exhibits a shorter melt pool length over
1800 °C. Similarly, the time over 1800 °C at the overhang region is also shorter, see

Figure 5.4. This might be counter-intuitive: conventional wisdom suggests that the
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Table 5.1: Process parameters and IN625 thermal material properties

Process parameters Values

Absorptivity 0.7

Laser spot size 60 pm

Convection 15 W/(m?K)
coefficient

Platform temperature 298 K

layer thickness 20 ym

IN625 density 8440 kg/m?

IN625 conductivity [(T-293)/63.5+10]W/(m - K)
E(T) (293K <T <
1563K)
IN625 conductivity 30 W/(m - K)
k(T) (T > 1563K)
IN625 conductivity of 10 W/(m - K)
k(T) (T < 293K)
IN625 Powder 0.001k(T")
conductivity k,(7T")

overhang region is more prone to overheating due to the lower thermal conductivity
of the powder. However, experimental data suggests otherwise. Despite the cylinder
cutout overhang region and the non-overhang region have the same laser speed and
power, the time over thresholds are different. In fact, Zhuo et al. [85] also noticed
that the overhang region has the lowest remelting by the neighboring scans. They
also noticed that the remelting will only gradually recover in the subsequent layers.

These observations imply that another factor is at play: compared to the melted
region, the unmelted powder may remain cooler and serve as a relative cooling source
for subsequent layers. Consequently, the powder’s conductivity needs to be lower to
prevent excessive heating. In the present study, I calibrated the conductivity to 0.1%

of the bulk material conductivity.
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Figure 5.3: Left: Raw melt pool image. Middle: the binarized image with threshold
= 7. Right: the binarized image with threshold = 79.

5.3 Analysis of thermal history trends

Time over different threshold temperatures

My simulation results corroborate the features of the overhang region observed at
NIST (shown in Figure 5.5). Specifically, at the layer (layer 226) which is just above
the cylinder cutout which has the most overhang below, the overhang region exhibits
a distinct thermal history compared to the non-overhang regions. The time over
threshold from the experimental data (shown in Figure 5.4) is generated by Ho and
Brandon’s algorithm [79]. Compared to the non-overhang region, the overhang region
exhibits a longer time over threshold for lower temperature thresholds. Conversely,
the overhang region has a shorter time over threshold for the higher temperature
thresholds.

I further noticed that this feature is particularly sensitive to temperature thresh-
old, especially around the melting point. As illustrated in Figure 5.6, the time over
threshold is longer at the overhang region at the melting point 1290°C, but with a

little higher threshold, the time over threshold becomes shorter than those at the
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Figure 5.4: (a) The experimental time over threshold in second (threshold = 10). (b)
The experimental time over threshold in second (threshold = 79).
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Figure 5.5: (a) The simulation time over threshold in second (1300°C) at layer 226.
(b) The simulation time over threshold in second (1800°C) at layer 226.

non-overhang region. I reproduced the same phenomenon by my simulation, as

shown in Figure 5.7.

Overall thermal history difference layer by layer

One notable characteristic of the dataset utilized in this study is the absence of thermal
accumulation observed layer by layer, contrary to initial expectations. Instead, each
layer exhibits a cooling trend as subsequent layers are deposited. As demonstrated in

Figure 5.8 and 5.9, both the time over threshold temperature and the melt pool width
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Figure 5.6: (a) The experimental time over threshold in second with threshold = 9.
(b) The time over threshold in second with threshold = 15.
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Figure 5.7: (a) The simulation time over threshold in second with threshold = 1290°C.
(b) The simulation time over threshold in second with threshold = 1320°
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display a decreasing trend with layer accumulation. I attributed this phenomenon to
the prolonged recoating process in my dataset, which effectively prevents substantial
interlayer heat accumulation. Consequently, the primary determinant of temperature
distribution is the bottom layers. The platform’s low conductivity with the ground
(compared with the upper layers which are surrounded by more conductive bulk
materials) coupled with prolonged heat exposure of the bottom layers contribute to
cooler temperatures in layers further from the bottom.

To explore this phenomenon further, I used my proposed approach with layer
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Figure 5.8: (a) Layerwise mean melt pool width with threshold = 7. (b) Layerwise
mean melt pool width with threshold = 79.

mode on all layers of the part. The simulation reproduces the expected decreasing
trend. Also, the oscillation between layers is captured by the simulation. As shown
in Figure 5.9, the time over the threshold in alternating layers from experiments is
oscillating. This is because the laser activating time is oscillating by alternating layers
due to the sweep direction being different and the changing hatch space in each layer,
see Figure 5.10.

While this methodology yields the expected trend, it assumes uniform cooling
and heating across the layer, which presents challenges in specific scenarios, such as
in overhang regions. As depicted in Figure 5.11, an overestimation of temperature
is observed in the overhang region, leading to a notable spike in Figure 5.9. This
numerical experiment also demonstrates the integration of both path-level and layer-

level approaches is advantageous for a comprehensive analysis.



89

10 g x10°
@ (b)
Q25 E 25
2 o
E 24 % 24r n
3o 3ef i Ww }L
g g i WMWM
O
g 21 § 21
9 50 100 150 200 250 s 50 100 150 200 250
layer No. layer N

Figure 5.9: (a) The layerwise average time over threshold from experimental data
with threshold = 7. (b) Simulation layerwise average time over threshold with the
threshold 1300° C (b).
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5.4 Discussion

In this chapter, I introduced a hybrid layer-path approach to simulate the thermal
history of LPBF. This novel approach integrates both path-level and layer-level method-
ologies, allowing us to accurately access path-level thermal history while maintaining
the efficiency of layer-level methods. I investigated the thermal history of a 3D over-
hang structure fabricated via LPBF using IN625 metal powder with this new approach.
Melt pool images captured with the co-axial melt pool monitoring system at NIST
were used for calibration and comparison.

By comparing experimental data with simulation results, I observed differences
in the time over threshold temperature between the overhang and non-overhang
regions in both datasets. I found that the overhang region exhibited a longer time
over threshold when the threshold was below the melting point but a shorter time
over threshold when the threshold was above the melting point.

Given the capability of the proposed layer-path approach to efficiently capture
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thermal history at the path level, it will be advantageous to use the proposed ap-
proach in circumstances like feedforward laser power control to enhance part quality.
Compared to the layer-level approach, the path-level simulation can capture how
the variance of the laser power and the scanning path affect the part quality. The
integration of the path-level methodology and the layer-level methodology allows
for swift simulations, focusing on regions of interest with path-level simulations to

design and optimize intra-layer scanning paths and power.
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6 CONCLUSION AND OPEN ISSUES

6.1 Conclusion

In this thesis, I proposed a multiscale thermomechanical simulation framework for
the laser powder bed fusion (LPBF) process. This framework includes a path-level
thermomechanical simulation that utilizes the path-level thermal history without
resolving the detailed melt pool dynamics. The simulated melt pool length shows a
10% relative error compared to experimental data. The path-level residual stress is
reproduced with only 1/45 of the elements needed compared to the same problem
from the literature. The proposed framework synergistically integrates path-level and
layer-level approaches, making the simulation efficient while capturing the effects
of the scanning path. Specifically, the framework maintains good efficiency with a
low-fidelity approach when far from critical regions. As the simulation approaches
critical regions, it switches from lower fidelity to higher fidelity approaches. A good
agreement between the experimental and simulated time over threshold on part-scale
overhang structures is achieved.

The capability to perform fast thermal or thermomechanical simulations is key
for the broader application of the LPBF process. Despite its high design freedom,
LPBF is still limited in application due to the slow progress in design automation
and pre-qualification of manufactured parts, which is mainly due to the expensive
computational cost of LPBF simulation. Conventionally, simulation on the path-level
thermomechanical LPBF process on the part-scale problems is still not available. The

proposed framework provides the path-level simulation approach, which is validated
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against experimental data and simulation results from the literature, providing a
more efficient solution compared to the conventional voxel-based approaches. The
integration of path-layer approaches further enables the path-level simulation of the

part-scale problems.

6.2 Future research

LPBF is a highly localized physical process. Quantifying this localization is crucial
for future studies aimed at efficient simulation or process parameter optimization.
Traditionally, the high computational expense of LPBF simulation has been attributed
to complex multiphysics and the need for fine spatial and temporal discretization.
However, this problem might be simpler, and costs could be reduced if correct as-
sumptions are made. Given the localized nature of LPBF, we may not need to simulate
large problems with many elements. Instead, solving localized problems might suffice
without losing much accuracy: thermal simulations involve the rapid dissipation
of heat around the laser, and plasticity mainly occurs around the melt pool regions.
Nevertheless, the effects of heat accumulation and global mechanical issues must
still be considered. Quantifying localization remains an important issue for future
studies. This localization could potentially lead to a model that relates thermal and
mechanical responses to a few local process parameters. For example, melt pool
shape and inherent strain are related to laser power and speed. Given the constant
laser power and speed in practical cases, it is possible to use simplified relations to
reduce computational costs. This approach requires an understanding of how to

quantify the localized problem, necessitating further research in this area.
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Another potential future research direction could be parallel multi-fidelity LPBF
simulation. In the present work, the integration of the layer-level approach and the
path-level approach is in series: critical regions must be determined in advance, and
the path-level simulation relies on the layer-level simulation up to the location near
the critical region. A parallel multi-fidelity LPBF simulation could be beneficial: a
low-fidelity simulation could be run first, eliminating the need to determine critical
regions in advance. All fine-fidelity simulations could then be run in parallel based
on the coarse-fidelity simulation results. Currently, I am working on such a parallel

path-island-layer multi-fidelity approach.
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A APPENDIX

A.1 List of Publications

e Xin Liu, Xingchen Liu, Neel Goldy Kumar, and Paul Witherell. "Scalable path
level thermal history simulation of powder bed fusion process validated by melt

pool images." Additive Manufacturing 84 (2024): 104111.

e Hongrui Chen, Xin Liu, Xingchen Liu, and Paul Witherell. "MeltpoolGAN: Melt
pool prediction from path-level thermal history." Additive Manufacturing 84
(2024): 104095.

e Xin Liu, Xingchen Liu, and Paul Witherell. "A Framework for Simulating
the Path-level Residual Stress in the Laser Powder Bed Fusion Process.” arXiv

preprint arXiv:2407.06293 (2024).

e Xin Liu, Xingchen Liu, Paul Witherell, and Ho Yeung. "An investigation of the
Thermal History of Overhang Features in Laser Powder Bed Fusion using a
Hybrid Layer-Path Approach.” In International Design Engineering Technical
Conferences and Computers and Information in Engineering Conference 2024

(accepted).
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