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1.1.1 Abstract 
Advanced manufacturing techniques offer increased geometry complexity, energy and material 
usage efficiency improvements, and an expanded palette of materials as compared to conventional 
manufacturing approaches. Advanced-manufacturing-produced parts can experience wide variations 
in the final microstructure, and these microstructure variations significantly impact the parts’ 
performance. In this chapter, we present recent code developments within Multiphysics Object-
Oriented Simulation Environment (MOOSE) and in the MOOSE Application Library for Advanced 
Manufacturing UTilitiEs (MALAMUTE). Here we demonstrate applying these modeling and 
simulation codes to two advanced manufacturing process types: advanced sintering techniques and 
laser-based additive manufacturing techniques. The multiphysics and multiscale capabilities of these 
codes enable prediction of the microstructure evolution resulting from variations in the Advanced 
manufacturing process parameters. 
 

1.1.2 Introduction 
Advanced manufacturing (AM), an umbrella term encompassing many different technologies, 
enables the production of complex parts not readily accessible through traditional manufacturing 
approaches. AM techniques are characterized as innovative processes promising energy efficiency 
and rapid production (United States Department of Energy, Office of Energy Efficiency and 
Renewable Energy, 2019) (Manière, Lee, McKittrick, & Olevsky, 2018). While achieving these goals, 
the requirement for improved and reliable material performance is paramount for materials in 
extreme environment applications, including the nuclear industry. 
 
AM techniques use advanced materials, such as refractory metals and high-entropy alloys, that can 
withstand the ultra-high temperatures and radiation conditions anticipated in some nuclear reactor 
designs but are difficult to manufacture through conventional processes (Xia, Gao, Yang, Liaw, & 
Zhang, 2016) (Kareer, et al., 2019). Often another advantage of AM techniques is producing near-
net-shape geometries; the near-net-shape production enables more efficient use of the source 
material (Li, Post, Kunc, Elliott, & Paranthaman, 2017) (Gibson, Rosen, & Stucker, 2015). Near-net-
shape manufacturing produces capabilities enable the production of complex geometries not readily 
feasible with traditional approaches. The interior cavities that additive manufacturing techniques 
can produce remain a classic example of a geometrical feature unattainable with traditional 
subtractive manufacturing. 
 
The microstructural features of materials produced by AM techniques are significantly different from 
conventionally manufactured materials (Smith, et al., 2016). Small changes in even a few 
manufacturing process parameters can have significant effects on the resulting microstructure. Due 
to such variations in microstructure, qualifying AM products for various extreme environment 
applications is challenging. Modeling and simulation provide a cost-effective way to establish and 
evaluate the process-structure-property-performance (PSPP) correlation for the AM products by 
regulating the manufacturing process parameters. Establishing PSPP correlations for AM techniques 
can be achieved through developing multiscale, physics-informed models. These computational 
models can be used to refine manufacturing processes based on the potential application. 
 



In this chapter, we will discuss AM research and development efforts complete with the Multiscale 
Object-Oriented Simulation Environment (MOOSE) and derived applications. MOOSE is a 
multiphysics, multiscale simulation tool developed at Idaho National Laboratory (INL) in an open-
source manner to encourage and facilitate interdisciplinary collaboration (Permann, et al., 2020). 
Established physics, such as solid and fluid mechanics, fluid-structure interaction, electromagnetics, 
thermo-mechanical contact, and microstructural evolution, are packaged in MOOSE modules. The 
MOOSE Application Library for AM UTilitiEs (MALAMUTE) combines the physics from MOOSE 
modules with advanced material models and geometries to model AM processes. Here we will also 
present a set of simulation approaches, implemented through MALAMUTE, for two AM methods, 
advanced sintering techniques and laser-based additive manufacturing techniques, as applied to 
ceramics and metals. Advanced sintering techniques, such as the electric field assisted sintering 
(EFAS) technique, are employed to manufacture advanced porous fuel and integrated fuel-cladding 
material for new reactor designs. Laser-based additive manufacturing techniques, including directed 
energy deposition (DED) and laser powder bed fusion techniques, are gaining popularity because of 
their ability to produce near-net-shape, complex structures with desirable mechanical properties 
and reduced material waste in a compressed timeframe. 
 

1.1.3 Advanced Sintering Techniques 
Sintering, a prevalent material processing technique in powder metallurgy, compacts powder 
particles into a solid polycrystalline structure with reduced surface area and increased density. 
Several materials with high-melting points and that are difficult to process with conventional 
approaches can easily be manufactured with sintering. Conventional solid-state sintering methods 
focus on coalescing powder particles by applying heat and pressure, without melting the material. 
Densification, in this case, is activated due to mass diffusion, plastic flow, or both. The EFAS 
technique is a powder metallurgy technique developed from sintering. As in conventional sintering, 
the metal or ceramic powder to be formed into the part is placed within a graphite die, and the die is 
placed between two rams. 
 
The EFAS’s hallmark is applying an electrical current, often pulsed direct current. This current is 
combined with a uniaxial pressure to sinter the powders within a vacuum or inert environment, as 
shown in Figure 1. EFAS is also commonly known as spark plasma sintering (SPS) from an early 
hypothesis that a plasma forms during the manufacturing process between the powder particles; 
however, no experimental evidence of a plasma forming has been measured, and recent calculations 
suggest the formation of a plasma is unlikely (Anselmi-Tamburini, et al., 2012). Still the misnomer 
remains commonly used. EFAS is gaining industry recognition and adoption because of its 
significantly shorter processing time and lower processing pressures compared to conventional 
approaches [7]. 
 
Electrical resistivity within the graphite die, and in some cases within the powder as well, produces a 
rapid increase in temperature due to Joule heating as the electrical current is passed through the 
assembly, producing a fine-grain microstructure (Anselmi-Tamburini & Groza, 2017). Retaining fine, 
or small, grains in the final part microstructure is a significant advantage of EFAS manufacturing: 
other powder metallurgy techniques, such as hot pressing, produce large-grained microstructures. 
The capability to produce a fine-grained microstructure is critical because control over the final 
microstructure characteristics improves engineering-scale material performance. 
 



 
Figure 1. Schematic of the modeling simplifications: Overview of the EFAS manufacturing process 
(a); Idealization of the sintering die (b); Simplified geometry adopted in the mesoscale modeling 
(c). (Figure reproduced from (Biswas, Schwen, Singh, & Tomar, 2016)) 

Electric field assisted sintering and related sintering techniques have only a few manufacturing 
process parameters: current, pressure, and temperature. Modeling and simulation tools are being 
developed to predict how variations in these three process parameters influence the final part 
microstructure. These predictions will help determine how to apply these process parameters to 
produce the desired final microstructure consistently and reliably. At INL, we are developing a high-
fidelity modeling and simulation capability to examine how process parameters determine the 
microstructure evolution through the EFAS manufacturing technique, focusing on the manufacturing 
technique from the green-body compact to the end of the temperature hold period. This 
development work has been conducted on the metal silver and the ceramic yttrium oxide within 
MOOSE and MALAMUTE. 
 

1.1.3.1 Microstructural Evolution 
Understanding the densification mechanisms and microstructural evolution during the sintering 
process is important to correlate the process parameters to the final product. This understanding 
provides a key connection for establishing the PSPP correlation for sintering. Here, a phase-field 
modeling (PFM) approach is employed to demonstrate the morphological transformations during 
the sintering process. PFM is a diffuse interface approach that captures the microstructural 
evolution by the minimizing the excess thermodynamic energy of the system (Moelans, Blanpain, & 
Wollants, 2008; Steinbach, 2009). As described in Figure 1, the microstructural model is simplified to 
two particles for closely monitoring the densification mechanisms.  
 
At the microstructural level, the consolidation happens in three stages due to a combination of mass 
diffusion mechanisms (see Figure 2a). In Stage I, a neck between two particles is formed and the 
shape of the individual particles change; in Stage II, a stabilized neck length is achieved, and the 
grain coarsening initiates; finally, in Stage III, the coarsening continues where one particle grows at 
the expense of the other particle (Biswas, Schwen, & Tomar, Implementation of a phase field model 
for simulating evolution of two powder particles representing microstructural changes during 
sintering, 2018). The transition between different stages depends on the material properties and the 
sintering conditions. Figure 2b illustrates the neck formation between two silver nanoparticles 
during pressure-less sintering; the rate of neck growth is higher during Stage I and reduces as the 
neck length stabilizes at Stage II. No grain coarsening is observed in this case. Figure 2b also 
demonstrates the accuracy of 2D vs. 3D simulations as compared to experimental observations 
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(Asoro, Ferreira, & Kovar, 2014; Biswas, Multiphysics modeling for predicting microstructural 
evolution of powder materials during solid-state sintering, 2017). Compared to the experimental 
data and the 3D simulations, the 2D simulations underpredict the rate of densification.  

                                                             
 

Figure 2. Interface evolution during sintering along with the contributing mechanisms (red indicates 
the solid particles, blue region is the void area surrounding the particles, and green is the diffuse 
interface between the two) (Biswas, Schwen, Singh, & Tomar, 2016; Verma, Biswas, Prakash, & 

Tomar, 2017)(a); Neck formation and growth during sintering of two silver nanoparticles (b) (Figure 
reproduced from (Biswas, Multiphysics modeling for predicting microstructural evolution of powder 

materials during solid-state sintering, 2017)). 

We leverage the multiphysics coupling capabilities of MOOSE to couple a thermal analysis with the 
phase-field model described above. The effect of temperature, especially of heating during the 
sintering process, can be incorporated through this coupling. However, at the mesoscale, the 
simulation domain is not large enough for a heat source on the boundary to induce thermal gradient 
across the domain, and uniform temperature distribution across the simulation domain is achieved 
within few time steps. Hence, uniform temperature assumption can be made for these simulations 
(Biswas, Schwen, & Tomar, Implementation of a phase field model for simulating evolution of two 
powder particles representing microstructural changes during sintering, 2018). 
 
To explore the role of mechanical loading on the particle morphology during pressure-assisted 
sintering techniques, an elastic energy contribution is added to the PFM (Biswas, Schwen, Singh, & 
Tomar, 2016; Biswas, Schwen, & Tomar, Implementation of a phase field model for simulating 
evolution of two powder particles representing microstructural changes during sintering, 2018). 
With an increase in mechanical loading, the amount of material undergoing deformation and 
associated strain energy of the system rises. This increasing strain energy contributes to the system’s 
total free energy and to the driving force for the densification. Applying an external load also 
reduces the volume available for the powder, further facilitating the densification. Figure 3 
demonstrates the temporal evolution of multiple particles under pressure-assisted sintering. At the 
initial stage (see Figure 3a), the particles are only in contact with each other. Over time, the 
individual particles transform into a polycrystalline material with reduced porosity. The particle 
compaction, in this case, is primarily governed by the surface and grain boundary diffusion. We note 
particles on the edges consolidate faster than the intermediate ones (see Figure 3). At later stages, 
coarsening initiation is visible (see Figure 3e and Figure 3f). The final density of the compacted 
structure increases with the maximum applied pressure.  
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Figure 3. Microstructural evolution of multi-particles during pressure-assisted sintering process 
(Biswas, Schwen, Singh, & Tomar, 2016). 

Mesoscale modeling of sintering techniques is an ongoing area of research, and here we have 
provided only a brief overview of the mechanisms responsible for densification at the 
microstructural level. For advanced sintering techniques, the inclusion of additional physics, beyond 
those discussed above, may be necessary. Different PFMs are available for handling complex 
material systems (Greenquist, Tonks, Aagesen, & Zhang, 2020; Biswas, Schwen, Wang, Okuniewski, 
& Tomar, 2018). For high-pressure sintering, plastic flow and large deformation must be considered 
(Averú, Biehl, Medeiros, & Souza, 2016). Developing these additional phase-field model terms will 
improve the microstructure predictions. 
 

1.1.3.2 Engineering-Scale Process Model 
The electric potential, temperature, and stress and strain distribution through the EFAS rams and 
tooling dictate the conditions to which the mesoscale powder particles are subjected. Connecting 
the influence of the process parameters to the final part microstructure has been explored through 
several engineering-scale simulations (Cincotti, Locci, Orrù, & Cao, 2007). Leveraging the 
multiphysics capabilities of MOOSE and MALAMUTE, we have performed electro-thermo-mechanical 
simulations of the EFAS engineering-scale system. The material properties of both the EFAS 
assembly components and yttrium oxide are allowed to evolve with temperature. Electrical and 
thermal contact between all dissimilar materials in the assembly is modeled with a harmonic mean 
approach (Cincotti, Locci, Orrù, & Cao, 2007). Mechanical contact is included only between the die 
tooling and yttrium oxide geometry components; only these components are expected to 
experience significant deformation at the engineering scale. 
 
Figure 4 shows the resulting electric potential, temperature, and effective von Mises stress fields 
across a standalone graphite tooling and powder geometry. An electric potential difference of 0.8 V, 
ramped from 0 V over a 20-second period and then held constant, is applied to the top of the upper 
plunger stem. Zero displacement boundary conditions are applied to the top and bottom of the 
upper and lower plunger stems, respectively. The simulation is run for a total of 7 minutes to 
investigate the system response during the EFAS process initial stages. The electric potential is 
modeled with Maxwell’s equations (Icenhour, Lindsay, Martineau, & Shannon, 2019). Heat 
conduction and thermal radiation are considered in the thermodynamics analysis, and the materials 
are treated as isotropic elastic in the solid mechanics calculation. Thermal expansion in the graphite 
tooling increases as the non-uniform temperature rise. Since this simulation is performed without 



the graphite spacers and rams of the EFAS system, the temperatures shown in Figure 4 are 
significantly lower than those experimentally measured.  
 

 
Figure 4. Cross-section of a multiphysics simulation of the EFAS graphite tooling (stepped plungers 
and outer die wall) and the yttrium oxide powder in an engineering-scale model using MALAMUTE 
(a). An applied electric potential difference (b) produces a temperature increase through Joule 
heating (c). Mechanical stress develops from the thermal expansion eigenstrain (d).  

While there is general adoption of similar approaches to modeling the rams and graphite tooling, 
modeling the powder remains an area of active research (Locci, Orrù, & Cao, 2020). The EFAS 
manufacturing process is inherently multiscale, as evident from Figure 1. While the electrical current 
and pressure are applied to the entire manufacturing system on the length scale of meters and 
millimeters, the powder particle coalescence and densification occur on the length scale of 
micrometers and nanometers. The engineering-scale electro-thermo-mechanical behavior is linked 
intricately to the microstructure of the sintered part. Modeling the influence of the EFAS process 
parameters on the final part microstructure requires a simulation approach encompassing all these 
length scales. 
 

1.1.3.3 Multiscale Modeling Approach 
Utilizing the multiscale capabilities within MOOSE, we transfer the data from the high-fidelity lower 
length scale simulations to the homogeneous engineering-scale simulation in two stages (see Figure 
5). This approach enables the use of a more computationally efficient homogeneous simulation of 
the powder. The relevant microstructure physics are captured in high-fidelity, computationally 
intensive, lower length scale simulations while the homogeneous powder model is used within the 
engineering-scale model of the complete EFAS system. 
 
Particle-particle contact simulations are run with a series of different particle arrangements. These 
mesoscale mechanical contact simulations are used to construct a power-law creep-type 
constitutive reduced-order model, following (Casagranda & Sofronis, 1997). This constitutive model 
is used in the engineering-scale simulation to describe the powder’s mechanical response, 
particularly at the lower densification regimes early in the manufacturing process. 
 

(a) (b) (c) (d) 



 
Figure 5: Schematic of the multiscale approach used to model the EFAS technique, with both 
separate antecedent and concurrent mesoscale simulations; the latter employs the MOOSE 
MultiApp capability to run different mesoscale simulations at multiple individual locations 
throughout the engineering-scale domain. 

Engineering-scale simulations of the powder act as the framework for the electro-thermal coupling, 
shown on the right of Figure 5. Through the MOOSE MultiApp system (Gaston, et al., 2015), several 
mesoscale PFM simulations are run at different locations throughout the engineering-scale domain. 
Local conditions at each point in the engineering-scale domain are applied as boundary or input 
conditions to each individual mesoscale simulation. The electrical potential value and the current 
density are applied to the top and bottom boundaries of the PFM simulation mesh, respectively, and 
the temperature is applied as a uniform field. These PFM simulations perform the electro-thermal 
analysis described above and track the evolution of the particle morphologies. The effective 
electrical and thermal properties are calculated and passed back to the engineering-scale domain. 
 
Continuing and future developments for modeling the EFAS technique will include expanding the 
multiscale data coupling through the MultiApp system with a particular focus on incorporating 
concurrent mechanical simulations. Future efforts to expand the mesoscale models to include 
additional physics-based terms to capture local charge build-up and dissipation of particle coatings 
should be explored. On the engineering scale, a robust treatment of the heat loss from the graphite 
tooling is recommended as another area for future development efforts. Verification of these 
models is ongoing, and validation efforts are needed for the coupled multiscale models. 
 

1.1.4 Laser-Based Additive Manufacturing Processes 
Additive manufacturing, or 3D printing, refers to the processes of fabricating objects layer-by-layer 
directly from computer-generated geometry models. Additive manufacturing processes can be 
classified into several categories, such as directed energy deposition (DED) (ASTM Committee F42 on 
Additive Manufacturing Technologies and ASTM Committee F42 on Additive Manufacturing 
Technologies. Subcommittee F42. 91 on Terminology, 2012) and powder bed fusion techniques. A 
wide variety of materials, such as ceramic, glass, metals, polymers, and composite materials, can be 
fabricated by additive manufacturing techniques (Sun, et al., 2021). Additive manufacturing 
techniques are being invested for use in new nuclear reactor applications requiring complex 
geometry parts, such as microreactors (Sridharan, Gussev, & Field, 2019), and applications involving 
difficult-to-assemble components, such as the ITER first wall assembly (Zhong, et al., 2017). 
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During a laser-based additive manufacturing process, a high-intensity moving energy source strikes 
the metal powders. This energy source melts the material, allowing the material to be deposited on 
a substrate, as in DED and 3D printing techniques, or to form a local melt pool, as in powder bed 
fusion techniques. The heat will transfer by convection and conduction and create a non-uniform 
temperature profile. The resulting non-uniform temperature profile and residual stresses will 
significantly impact the resulting final part microstructure. As with the advanced sintering 
techniques, laser-based additive manufacturing techniques can be easily characterized as nonlinear 
and non-equilibrium processes requiring a multiphysics modeling approach. Engineering-scale and 
mesoscale high-fidelity physics-based numerical models are being developed at INL to evaluate 
laser-based additively manufactured part microstructure and to provide insight for process 
improvements. These modeling approaches also employ the MultiApp and multiphysics capabilities 
within MOOSE. 
 
In this section, we will discuss three different capabilities being developed within MOOSE and 
MALAMUTE for laser-based manufacturing applications. A novel element activation, or element 
birth, method is being developed for modeling material deposition. To model the process of melt-
pool formation and to track the moving interface between the liquid metal and air, both level-set 
method and arbitrary Lagrangian-Eulerian (ALE) approaches have been developed. In each approach, 
the effect of the focused thermal energy is modeled by a moving heat source associated with the 
laser scanning path. Although we show only a few examples here, the methods and capabilities 
introduced in this section are generally applicable and extendable to other types of additive 
manufacturing techniques.  
 

1.1.4.1 Element Activation Capability 
As one of the widely used additive manufacturing techniques, DED forms 3D products by melting 
material as it is being deposited on the substrate. DED is capable of fabricating with multiple 
materials, enabling the production of parts with functionally graded materials. The DED process 
allows for the production and repair of parts and has been used throughout the entire product 
lifecycle for applications ranging from materials research to functional prototyping to volume 
manufacturing (Dass & Moridi, 2019). The major disadvantages of DED includes rough finishing 
surface, high equipment cost, and residual stress. 
 
Based on MOOSE’s block restrictable interface (Permann, et al., 2020), which supports computations 
being performed on a subset of the physical domain, a novel element activation approach, 
developed at INL, is used to model the deposition of material during a DED process. We developed a 
moving subdomain paradigm to realize material addition. The physical domain is divided into an 
active subdomain and an inactive subdomain. The active subdomain includes the part of the product 
being built, along with the substrate, while the inactive subdomain is comprised of the product 
component yet to be built. As material is deposited during the DED process, elements are moved 
from the inactive subdomain to the active subdomain, expanding the active subdomain and 
shrinking the inactive subdomain correspondingly. An example demonstrating material deposition 
modeling and active/inactive subdomains is included in Figure 6. 
 



 
Figure 6. An example of the active and inactive subdomains of a cylinder product on the substrate 
at two different timesteps. The active subdomain of the product is shown in red. The inactive 
subdomain is shown as blue wireframe. The active subdomain expands during material 
deposition. 

The nomenclature of active/inactive subdomains is used here to indicate the region in which the 
coupled thermo-mechanical finite element computation is performed. The inactive subdomain 
contains only geometric information. This approach greatly improves the efficiency of the overall 
computation compared to other approaches (e.g., (Stender, et al., 2018)) that perform the 
computation across the entire physical domain at every timestep.  
 
There are currently two element activation modes in MOOSE: activation by path and activation by 
temperature. The former approach activates the elements close to the laser beam scanning path. An 
activation distance is set to control the amount of material been deposited. Using this approach, 
both the mechanical and thermal analyses are performed only in the active subdomain. In contrast, 
the latter approach activates those elements having an average temperature below a user-defined 
threshold value. To mimic the material solidification process, the threshold temperature is often set 
to be the material’s melt temperature. 
 
To model the moving heat source produced by the scanning laser beam, we employ a Gaussian point 
heat source; this method is widely used for laser heat-source modeling (Hussein, Hao, Yan, & 
Everson, 2013). To mimic the motion of the heat source, we consider the heat source’s center to 
coincide with the scanning path. Here we model the scanning path as a moving point in 3D space 
varying with the product geometry and the manufacturing process design. We consider an effective 
radius of the laser beam such that material points that are far-away (2x effective radius) from the 
center of the laser beam are subject to a total of 5% of the laser power. A larger effective radius will 
reduce the peak value of the heat source. Figure 7 shows examples of the heat source with varying 
effective radii. 
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Figure 7. Heat source with different effective radii (r). Heat-source value as a function of distance 
from the center (a). The temperature fields of a rectangular plate under horizontal laser scans (b). 

To accurately predict the distortion, residual stress, and mechanical properties of the DED-
manufactured product, we employ a thermo-mechanical model. The thermal model includes the 
heat conduction equation with the moving heat source, a fixed temperature at the bottom of the 
substrate, and convective boundary conditions along the rest of the surfaces. The mechanical model 
includes the quasi-static conservation of momentum equation with fixed zero displacement at the 
bottom of the substrate. The mechanical behavior of the material is described by a temperature and 
rate dependent constitutive relation (Stender, et al., 2018). The temperature dependence of the 
solid mechanics solution is modeled through two aspects: the thermally induced expansion and the 
temperature dependent material properties in the constitutive model. 
 

1.1.4.2 MultiApp Modeling Design 
The temperature field is obtained by solving a separate heat conduction problem in both the 
active/inactive subdomains while the thermo-mechanical analysis is performed only in the active 
subdomain. These analyses are embedded in a MultiApp. The main app solves the heat conduction 
problem in the entire domain, and a sub-app solves the coupled thermo-mechanical problem in the 
active subdomain. 
 
As an illustration, we demonstrate the simulated printing process of an INL logo. The three letters 
have a total length, width, and height of 42.5 mm, 20 mm, and 10 mm, respectively. The letters lay 
on the substrate which has the dimension of 100 × 100 × 5 mm3. The material constitutive model and 
properties are from (Stender, et al., 2018). The geometry, mesh, and rectilinear printing path are 
shown in Figure 8(a) and Figure 8(b). The elements are activated by the scanning path with 
activation distance of 1.4 mm. The laser power is set to 360W and has an effective radius of 4 mm. 
We present the evolution of the temperature and the von Mises stress at different timesteps in 
Figure 8(c) and Figure 8(d), respectively. The heating spot moves along with the laser beam, and the 
elements are constantly deposited around it. The product undergoes high-residual stress away from 
the heating spot because of the structural characteristic as well as the deposited material’s rapid 
cooldown. 
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Figure 8. Thermo-mechanical printing process simulation of the INL logo: (a) Design and finite 
element mesh of the product and the substrate. (b) One layer of the rectilinear printing path. (c) 
Temperature and (d) von Mises stress fields at different timesteps. 

Continuing developments are necessary to enable the use of these models for manufacturing 
process optimization. Verification and validation are needed for the material addition, moving heat-
source modeling, material and process parameters, and thermal and mechanical constitutive 
equations. Second, improved multiscale simulation capabilities will allow further investigation by 
incorporating the predictions for particle material, melt-pool fluid flow (see later section), and the 
gas-liquid-solid interactions. Finally, the computational cost for these high-fidelity models remains 
high, preventing the direct application of the simulation model for online process optimization. 
Emphasis should be given to smart approaches that reduce the modeling complexity without 
sacrificing accuracy. 
 

1.1.4.3 Level Set Method 
During melt-pool type additive manufacturing process, a local melt pool is formed with a high-
intensity moving energy source, such as a laser. A continuum finite element model can be used to 
describe relevant multiphysics phenomena, including the generating the powder layer, melting and 
solidification, melt-pool dynamics, and thermal-capillary, buoyant, conductive, and convective heat 
transport processes. 
 
The level set method is an approach used to track the moving interface in melt-pool modeling. In 
this approach, the moving interface’s location is implicitly represented by an iso-contour of the level 
set variable. The mesh is fixed in time, and the material moves through the mesh making this 
technique suitable for complex geometric changes of the interface such as the porosity’s formation. 



The conservative level set function (Olsson & Kreiss, 2005) is a smeared Heaviside function that goes 
smoothly from zero (air) to one (liquid). The interface is defined by the 0.5 iso-contour of the level 
set function, and it is advected by the fluid velocity and powder addition speed. The boundary 
conditions at the liquid-air interface are enforced by source terms that are restricted by a diffuse 
Dirac delta function defined by the level set variable. 
 
In addition, the interface curvature and normal vector to the interface can be formulated by the 
level set variable, and these values are often required to calculate the surface tension and 
Marangoni forces (Wen & C.Shin, 2010) in the fluid momentum balance equation. With the level set 
method, the coupled highly nonlinear system typically consists of level set evolution and fluid-mass, 
momentum, and energy equations. With MOOSE’s automatic differentiation capability (Lindsay, et 
al., 2021), perfect Jacobians can be formed allowing these equations to be solved in a fully coupled 
manner with remarkable efficiency. 
 
We first demonstrate a DED deposition process for 316L stainless steel. The simulation details can be 
found in (Lindsay, et al., 2021). The predicted deposition profile and fluid motion at 0.4 seconds are 
shown in Figure 9. Two vortices can be seen in the melt pool, which are mainly formed by thermal-
capillary forces.  

 
Figure 9. DED deposition profile at t = 0.4 seconds. Temperature contours range from 300 K to 
1782 K. The zoomed view of the fluid motion velocity field is shown on the left, where arrows 
represent scaled velocity vectors, and the white line shows the contour of the melting 
temperature. (Figure reproduced from (Lindsay, et al., 2021)) 

Figure 10 shows two simple examples highlighting the advantage of the level set method on 
handling severe interface deformations and topology changes. On the left, keyhole formation due to 
strong recoil pressure (Courtois, 2014) during laser welding is demonstrated; on the right, the level 
set variable was initialized to represent multiple discrete powder particles. Particle melting was 
simulated by the melt-pool dynamics where complex melt droplets can be captured. 

  
Figure 10. Keyhole formation during laser welding (a); melting of multiple powder particles (b). 
The coloring is based on the temperature (K) contours.  

(a) (b) 



Future work on the level set method will involve supporting discontinuous fields across the 
interface. The current continuous pressure field from the level set method produces an artificial 
mass transfer across the interface. To overcome this issue, the MOOSE’s eXtended Finite Element 
Method (XFEM) capability (Jiang, Spencer, & Dolbow, 2020) can be utilized to introduce the pressure 
discontinuity and therefore preserve the mass. We may also develop a capability to couple level set 
melt- pool models and discrete particle motions to accurately capture the interaction between melt 
and particles. Lastly, uncertainty qualification methods can be employed to quantify the input and 
output uncertainties in the level set melt-pool models (Xie, Jiang, Congjian, & Xu, 2021).  
 

1.1.4.4 Arbitrary Lagrangian-Eulerian Capability 
In (Lindsay, et al., 2021) we demonstrated melt-pool evolution via the arbitrary Lagrangian-Eulerian 
(ALE) approach in MOOSE. The equations, boundary conditions, and material properties are based 
on (Noble, 2007). Pressure and velocity are determined by the transient incompressible Navier-
Stokes equations, and temperature is modeled with a transient conduction-convection equation. An 
incident laser energy flux heats the surface and eventually begins to evaporate material, exerting a 
recoil force and displacing the melt pool. Additional forces are exerted by the Marangoni effect; 
however, these were not included in (Lindsay, et al., 2021) since remeshing is required to properly 
resolve tangential gradients which can lead to element inversion at the surface. 
 
By changing the finite element Jacobian matrix, which maps the element from the reference to 
physical space, mesh displacement enters the residual calculation process in subtle but very 
important ways. Mesh displacement also changes shape function gradients, consequently modifying 
both local element solution gradients and test function gradients. Tracking this dependence on 
displacements by hand would be nearly impossible. Alternatively, a modeler may choose to use a 
matrix-free approximation to the Jacobian, but this approximation is subject to errors from floating-
point round off that can become significant in these multiphysics problems. The melt-pool 
simulation conducted in (Lindsay, et al., 2021) and reproduced here includes a viscosity that varies 
by eight orders of magnitude. Other material properties only add to scaling complexity. For this 
problem matrix-free solution of melt-pool physics in MOOSE fails to converge because of the difficult 
scaling. However, through MOOSE’s automatic differentiation system, we can form perfect Jacobians 
for the melt pool, enabling the results shown here. 
 
Figure 11 shows MOOSE 3D simulation results for the ALE equations. The simulation was performed 
with adaptive mesh refinement based on gradient jumps in the temperature and z-displacement 
variables. The laser is rotated counterclockwise around the top surface of a 3D cube. When the 
surface reaches the boiling point of the medium, it recoils creating an imprint in the surface that 
tracks with the rotating laser spot. Figure 12 shows a representative 2D simulation, where the laser 
is swept back and forth repeatedly across the surface. As with the 3D simulation, melted material is 
displaced away from the impinging laser spot. 
 

 

(b) (a) 



 
Figure 11: Visualization of the top surface of the melt pool. (a) corresponds to a half laser rotation, 
and (b) corresponds to a full rotation, both viewed from above. Bottom sub-figures also 
correspond to half (c) and full rotations (d), respectively but viewed from below. Solid coloring is 
based on the temperature. Arrows are based on the velocity. (Figure reproduced from (Lindsay, et 
al., 2021)) 

 

1.1.4.5 Microstructure Evolution and Multiscale Approach 
In processes such as laser welding where a melt pool is formed on the surface of two parts being 
joined, local changes in the material’s microstructure can result in significant changes in the 
properties of the material near the weld. As the melt pool resolidifies, the solidification process 
controls the microstructure and properties of this region. However, the heat input from the laser 
also causes temperatures to increase significantly outside the melt pool. The region outside the melt 
pool where temperatures increase enough to cause microstructural changes, but not enough to 
cause melting, is referred to as the heat-affected zone (HAZ) (Porter & Easterling, 1992). One of the 
most significant microstructural changes that can occur in the HAZ is grain growth (Porter & 
Easterling, 1992). Grain growth is the process by which the average size of grains increases and is a 
strong function of temperature. As with the EFAS modeling, it is critical to be able to predict 
microstructure evolution because the resulting grain structure can significantly impact the part 
performance. 
 

(c) (d) 



 

Figure 12: Two-dimensional melt-pool simulation. Arrows represent unscaled velocity vectors. 
Solid coloring is based on the temperature. Times in arbitrary units are (a)100, (b)200, and (c)220. 
(Figure reproduced from (Lindsay, et al., 2021)) 

To predict the final microstructure of a part processed using laser-based techniques, both the HAZ 
and the resolidifying melt pool should be considered. The average grain size in materials is typically 
much smaller than the size of engineering-scale parts, and it is not computationally practical to 
perform simulations of microstructural evolution of the entire component. In (Lindsay, et al., 2021) 
we employed the multiscale capabilities of the MOOSE framework to address this challenge. 
 
The multiscale coupling strategy (employed in (Lindsay, et al., 2021)) uses the ALE-based model of 
laser melt-pool dynamics briefly described above at the engineering scale, including the temperature 
field in both the melt pool and the surrounding HAZ. To simulate grain growth in the HAZ, multiple 
instantiations of the MOOSE grain growth PFM (Moelans, Blanpain, & Wollants, 2008; Permann, 
Tonks, Fromm, & Gaston, 2016) are run concurrently with the engineering-scale model using the 
MOOSE MultiApp system (Permann, et al., 2020). Each instantiation represents microstructural 
evolution at a different position within the HAZ of the engineering-scale simulation domain; thus, 
each grain growth simulation is a representative volume element (RVE) of the macroscale simulation 
domain. The temperatures at each RVE’s position are passed from the engineering-scale model to 
the corresponding grain growth simulation using the MOOSE Transfer system (Permann, et al., 
2020). Figure 13 shows a schematic of the coupled simulations. 
 

(c) 

(b) 
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Figure 13: Multiscale demonstration of laser welding with coupled phase-field simulations to 
determine microstructural evolution in the HAZ. The higher temperatures for the grain growth 
simulations conducted nearer the surface of the macroscopic laser welding simulation result in a 
larger grain size. (Figure reproduced from (Lindsay, et al., 2021)) 

Grain growth simulations were conducted in RVEs as shown in Figure 13. The RVEs are 2D with a size 
of 100 × 100 μm2. The grain structure in the initial conditions is constructed with a Voronoi 
tessellation as described in (Permann, Tonks, Fromm, & Gaston, 2016), and there are 100 grains in 
the initial conditions for each simulation. Simplified physical parameters for grain boundary 
properties were chosen such that a reasonable amount of grain growth occurred in the time span of 
the weld pool simulation. Figure 13 shows the microstructures in both RVEs at the end of the 
simulation time (t = 2779 s). The average grain size in the RVE at y = 0.5 mm is larger than that in the 
RVE at y = 0.3 mm. The higher temperatures throughout the simulation for the RVE at y = 0.5 mm 
cause the grain boundary mobility to be greater there, resulting in faster grain growth.  
 
Future work on the ALE method will include on-the-fly remeshing. This remeshing capability is 
necessary to prevent element inversion at the surface of the melt pool that can occur when 
accounting for the tangential forces of the Marangoni effect. We may also explore explicit modeling 
of the solid to liquid phase transition to capture the influence of the solidification process on the 
final part microstructure more completely. 
 

1.1.5 Conclusions 
The modeling and simulation development efforts discussed in this chapter represent important 
advances towards reliably predicting the performance of parts produced using AM techniques. 
Modeling and simulation approaches contribute significantly to the understanding of the physics 
governing the final part microstructure. The approaches in MOOSE and MALAMUTE discussed here 
represents the foundational efforts to develop PSPP correlations for two different AM techniques. 
The code development efforts in MOOSE and MALAMUTE have been used to investigate the role of 
non-uniform process parameter fields, including electric potential, temperature, and stress, on the 
microstructure evolution. Although these AM techniques represent innovative approaches to many 
challenges facing the manufacturing industry, an established connection between the manufacturing 
process parameters and the desired final microstructure is an area of active research. Through the 
multiphysics and multiscale capabilities of MOOSE and MALAMUTE, this connection can be explored 
and further developed. 



 
As emerging and transformative technologies, AM techniques have shown significant benefits in the 
areas of aerospace, transportation, and construction, among many others. The benefits of AM 
techniques include reduced energy usage, better material efficiency, and increased part geometry 
complexity. Many AM methods make using advanced materials, particularly those difficult to 
manufacture with conventional methods, possible. Many advanced materials have demonstrated 
better performance in the extreme environments common in nuclear energy. Continued modeling 
and simulation efforts will advance the use of these materials and manufacturing techniques within 
the area of nuclear energy. 
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