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Abstract 
Laser powder bed fusion (LPBF) additive manufacturing is a mesoscale process that uses small 

scale processing to create large scale parts. During this process, unconventional microstructures can 

form, which can have both favorable and adverse effects on part performance. Due to the complexity of 

the LPBF process and the large number of process parameters, controlling the resulting microstructures 

on a part specific basis has largely been impractical. While conventional simulation capabilities have 

shown promise for making predictions about the resulting microstructures, avoiding the time and 

monetary costs of printing and experimentally characterizing LPBF microstructures, these simulations are 

too slow for practical process tuning. This research aimed to develop a surrogate model, capable of 

making predictions about the microstructures produced by LPBF, fast enough to be used for process 

optimization. 

To achieve this, a framework for the creation of machine learning based surrogate models 

capable of making localized predictions about the statistical distribution of grain morphology metrics of 

interest was developed. This framework was then used to create models that can predict spatially 

defined grain size distributions for LPBF printed stainless steel, using a handful of thermal characteristics, 

calculated by a fast thermal model, that are representative of the LPBF process. The model is shown to 

not only be accurate in process regimes that are well represented in the training data, but also to 

improve on the accuracy of the training data by removing the stochastic error present in the data. The 

speed of the model, combined with the improved accuracy, allows for the prediction of the outcome of 

ensembles several thousand conventional microstructure simulations in a small fraction of the time. 

To ensure the framework and model are behaving as desired, a variety of methodologies for the 

analysis of the model were developed. These analyses provide insight into the behavior of the model 

with respect to the training data, the influence of the thermal characteristics chosen to represent the 

LPBF process, and the underlying assumptions used to create the model framework. The findings of 

these analyses support the validity of the framework and the usefulness of surrogate models created 

using it, showing promise for their future application to LPBF process optimization. 

The code and trained surrogate model are available from: 
https://github.com/sandialabs/lpbf-microstructure-surrogate  

https://github.com/sandialabs/lpbf-microstructure-surrogate
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Chapter 1 Introduction 
This work is motivated by the need for fast models of the laser powder bed fusion additive 

manufacturing process to better guide process parameter selection and engineering design. Specifically, 

this work focuses on the creation of a surrogate model for the fast prediction of the statistics of 

microstructures produced by the laser powder bed fusion (LPBF) additive manufacturing (AM) process. 

Such models will ultimately enable engineers to better target specific performance metrics when 

designing additively manufactured parts, and help manufacturers to avoid problematic LPBF process 

parameter regimes. This work occurs at the intersection of the fields of additive manufacturing, 

materials science, modeling and simulation, and machine learning. In addition to introducing and 

providing background for the problem addressed by this work, this chapter acts as a brief primer on 

these four subjects. 

1.1 Background and Motivation 

In the field of manufacturing there are several classes of manufacturing processes, such as 

subtractive, casting, forming or deformation, joining, and additive manufacturing [1]. Subtractive 

processes include conventional techniques such as cutting and milling, as well as more modern 

techniques like electrical discharge machining, where material is removed from a larger piece to create a 

part. Casting processes are processes by which molten material is formed into the desired geometry 

using molds or dies. Forming processes, such as forging, extruding, rolling, and bending, work by 

physically deforming solid material to achieve a desired shape. Joining processes include processes in 

which two or more pieces of material are connected to create a larger part or assembly, such as 

fastening with bolts or screws, adhering with an adhesive, or fusing via welding, brazing, or soldering. 

Additive manufacturing (AM), often called 3D printing, refers to a class of processes in which material is 

selectively deposited, solidified, or otherwise consolidated, to form a part, without the need for a mold 

or die. This allows for both much more rapid iteration of the design and testing of parts that would 

otherwise be cast, and for the creation of much more complex parts than many of the other techniques 

could produce.  

Additive manufacturing is among the newest fields of manufacturing, with the first patent on the 

topic awarded in 1956 for a photo-polymer based object replication device, though the first patent 
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which describes the process in full was awarded later, in 1977 [2–4]. Additionally, the first readily 

available academic literature on the subject of additive manufacturing did not appear until the 1980s1 

[7,8], and the first commercialized version of the process was only introduced in 1987. As such, it is one 

of the least understood but most rapidly advancing classes of manufacturing. 

Like most classes of manufacturing, there are a variety of AM techniques which utilize a diverse 

set of physical processes, allowing for a variety of materials to be additively manufactured; though many 

of the individual AM processes can only process specific types of materials. While there are many 

disparate AM processes, most of them operate in a layer-by-layer fashion, depositing one layer or “slice” 

of the part before moving on to the next; however, this is not true for all additive manufacturing 

processes. For example, recent advances in photopolymerization based stereolithography processes2 

allow for volumetric printing – printing the whole volume at once – through holographic patterning and 

tomography [9–11]. 

Many joining processes could be considered a form of additive manufacturing in the literal sense, since 

they add material to produce the final part; however, additive manufacturing generally refers to 

processes in which all of the material used to create a part is selectively fused together. For example, 

welding two pieces together is joining, whereas creating a part entirely out of weld material is a form of 

additive manufacturing [12]. Likewise, laminating many layers of wood with glue to form plywood is 

joining, but bonding many thin, pre-shaped, layers to form a more complex geometry could be 

considered additive manufacturing. 

 
Additive manufacturing has recently gained consumer awareness – under the name 3D printing 

– with the advent of mass-market fused deposition modeling (FDM) printers3 which allow for the 

creation of plastic items using small tabletop machines. While AM techniques for plastics have gained a 

foothold in industrial settings, particularly for rapid prototyping, much of the industrial focus is on metal 

AM techniques. AM processes are growing in popularity in industry application because they allow for 

the simplification of complex assembly designs such as rocket engines and rocket bodies [14–16], for 

 
1 The first known description in fiction of what we would consider an additive manufacturing process appears in the 
1945 short story “Things Pass By” by Murray Leinster [5], though the first know description of the general concept 
appeared 6 years earlier in the 1939 short story “The 4-sided Triangle” by William F. Temple [6]. 
2 Stereolithography processes use UV light to selectively solidify material in a vat of polymer resin, this is 
traditionally done in a layer-by-layer fashion using a laser or projector. 
3 FDM printers are the most common consumer 3D printer[13], which operate by extruding molten thermoplastic 
polymer filament through a heated nozzle, whereupon it bonds to any previously deposited material and solidifies. 
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instance the aerospike rocket engine in Figure 1, significantly reducing the number of parts and 

manufacturing steps [17]. Additionally, additive manufacturing processes allow for part designs that 

would be difficult or impossible to produce using conventional methods, such as porous hip implants 

that allow for better biocompatibility [18–20]. This has proven to be particularly useful with the recent 

advances in automated design optimization, which often yield part designs that would be hard or 

impossible to manufacture without additive manufacturing [15,20,21].  

 

Figure 1 – Example applications of metal AM that would not be practical with conventional manufacturing techniques. Cross 
section of an additively manufactured aerospike engine designed by Leap 71 [15,22], reprinted with permission from Leap 71. 

Because it is still a nascent field, the strategies and techniques needed to streamline additive 

manufacturing processes are still being developed. This is particularly true with metal additive 

manufacturing techniques where much of the existing knowledge about controlling the process 

outcomes of traditional manufacturing techniques is not directly transferrable due to the substantial 

differences in the physical processes. Not only are the relationships between metal AM process inputs 

and the properties of the manufactured part not fully understood, but these processes provide an 

unprecedented level of flexibility, with the large number of process parameters to control. This flexibility 

presents challenges to developing our understanding experimentally, and to developing models which 

can predict these relationships. However, this flexibility also offers the prospect of extremely fine-tuned, 

outcome-based process control once these relationships are better understood, and models fast enough 

to optimize the process have been developed. This work is motivated by this goal and explores the 

creation of a fast model for predicting process-structure relationships for the laser powder bed fusion 

process.  



P a g e  4 | 176 

1.2 Laser Powder Bed Fusion 

Laser powder bed fusion (LPBF) is one of many additive manufacturing processes employed for 

producing metallic parts. LPBF, illustrated in Figure 2, works by repeatedly laying down thin layers of 

metallic powder and selectively consolidating regions via melting with a laser, repeating this process until 

a part has been built up, at which point, the remaining powder is removed and the part is separated 

from the supporting build plate. These layers are only tens of micrometers thick, and the melt pool 

formed by the laser is only tens to hundreds of micrometers across. As a result, printing a cube just a 

centimeter across may require the laser to follow a path more than a kilometer long, at a pace on the 

order of one meter per second, and the deposition of more than 100 layers of powder. Because of these 

disparities in scale, the process is quite slow, particularly in practical applications, where parts are often 

much larger and more complicated. This limitation can be somewhat reduced through the use of 

multiple lasers or in the form of large-area pulsed laser powder bed fusion, though large-area pulsed 

LPBF is still a developing technology [23]. 

 

Figure 2 – Schematic of the LPBF process adapted from [24] under the Creative Commons Attribution-Share Alike 3.0 Unported 
license [25]. Left) Cross-sectional diagram depicting the major components of the LPBF process. Right) Detail view depicting a 

cross-section of the powder bed as it is processed into a part. 

The LPBF process has around 100 parameters [26] which can be controlled, allowing for fine 

tuning of the process. These parameters include the operating conditions inside the machine, such as 

the ambient temperature and atmospheric makeup, as well as process specific parameters such as the 

layer thickness, powder feedstock, and the many parameters that control the laser, such as the beam 
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width, shape, scanning speed, and power. While all manufacturing techniques have the potential to 

influence the properties of parts to some extent, a significant number of LPBF process parameters have 

been demonstrated to have significant influence on performance impacting properties of the finished 

part [27]. By contrast, outside of forming or casting techniques, most manufacturing techniques have 

only surface level or locally constrained influences on the part. For example, the process parameters 

selected for milling operations primarily affect the process speed and the surface roughness, though 

they can have some influence on the surface microstructure [28]. 

In the case of LPBF, the selection of these process parameters is considered quite important, and 

poorly selected process parameters can have a myriad of detrimental impacts on the characteristics of 

the finished part. These detrimental characteristics include high porosity or incomplete fusion, adverse 

residual stresses, and adverse microstructures. Porosity refers to the capture of gas bubbles within the 

material as it solidifies and can reduce the yield stress of the material, though controlled porosity and 

incomplete fusion can allow for the creation of intentionally porous parts [19,29]. Adverse residual 

stresses, caused by the uneven heating, cooling, and solidification which occurs during the process, can 

result in deformation of parts from the desired geometry when removed from the build plate [30,31], 

deformations during the printing process leading to print failure [31], poorer than desired part 

performance [32–34], or the delamination of parts, as shown in Figure 3, where the residual stresses are 

sufficient to overcome the bonding between layers and cause catastrophic failure [30,35]. However, 

residual stresses can be intentionally used to improve part performance, for example the conventional 

process of peening parts to improve their fatigue performance [33,36]. It is widely hypothesized that 

with the proper tools to control the residual stresses in LPBF and other AM processes, it would be 

possible to design parts and processes which have advantageous residual stresses which improve part 

performance. The final example, microstructures – the crystalline atomic structures which form during 

solidification processes in metals – can have large impacts on the behavior of the bulk material [32,37–

43]. These are of particular interest in the field of additive manufacturing, as the small melt regions and 

high rates of solidification produced by these processes can result microstructures with distinct 

morphologies compared to those produced by conventional processes. This is discussed in more detail in 

Section 1.3. The potential for these microstructures to have adverse influence on part performance, or to 

provide desired characteristics if well controlled, is the primary motivator of this research.  
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Figure 3 – Top) Delamination caused by residual stresses, from [35], reprinted under Creative Commons. Bottom) Delamination 
of Ti6Al4V parts from their support structure during manufacturing, from [30], reprinted with permission of Informa UK Limited, 

trading as Taylor & Francis Group. 

Like with casting processes, in LPBF the geometry of the part can influence properties of the 

finished part due to the influence of cooling rates and temperature gradients on microstructures, 

residual stresses, and crack formation [44–46]. However, unlike casting, the LPBF process requires the 

creation of a geometry dependent laser scan path, similar to the toolpaths used in milling and turning 

operations. One of the most basic scan path types, a raster scan, can be seen in Figure 4, along with an 

illustration of the common practice of rotating the scanning direction on subsequent layers. These scan 

paths can influence the properties and performance of the part, in the same way that the geometry can, 

because the scan path has a significant influence on the thermal cycles every point in the part 

undergoes. It is for this reason that laser scan strategies are a common area of research in LPBF, and 

similar processes like electron beam melting4 and laser cladding5, which has resulted in an assortment of 

scanning strategies in literature and commercial AM software so that users can better control the 

process outcome [44,47–49]. Similarly to other processes like milling and turning, many parameters can 

 
4 Electron beam melting is a very similar process to LPBF, with the primary difference being the use of an electron 
beam, instead of a laser, to melt the material. 
5 Laser cladding is a method for adding material to existing parts by spraying metallic powder which is melted by a 
laser. 
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be made to vary along the scan path, such as the scan velocity or the laser power, making the process 

extremely configurable in theory. 

 

 

Figure 4 – Illustration of a raster scanning path for a square, with the laser switching off at turns. Top) The first layer. Bottom) 
One of the scan strategies which can be employed on the layers of a print: the direction is rotated by 90 degrees with each layer. 

This combination of a highly configurable process, along with the extremely small size of the 

melt pool found in LPBF, allows for precise control of the material processing at every point in a part. In 

theory, this allows for the individual tuning of the properties of every point in a part, given sufficiently 

advanced understanding of the process-structure-property relationships and a sufficiently advanced 

control system [50–52]. This could mean specifying that different regions have different properties or 

ensuring that the variations in part properties caused by the part geometry and scan path are negated. 

Accounting for the influences of process uncertainty, part geometry, and scan path could prove to be 

particularly useful, as poorly selected process parameters are shown to have significantly detrimental 

impacts on part performance. Alternatively, well selected process parameters might be used to provide 

properties advantageous to part performance which might be hard or impossible to achieve via 

conventional means. This precise level of spatial control has been demonstrated to varying extents, most 

prominently by modifying the crystallographic texture to make specific patterns, including text, appear in 

electron backscatter diffractions (EBSD) scans [51–53]. 
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Because the process is so slow, LPBF is not usually used for mass manufacturing6 [57], but 

instead for creating complex parts, which are difficult or impossible to produce with traditional 

manufacturing techniques, such as specialized parts for the aerospace industry or customized implants 

for the medical industry [19]. As a result, producing test parts to dial in the process parameters for 

maximum part performance could require significantly more parts than the actual production run. 

Additionally, because of the newness of the process, along with the number of parameters which may 

have an influence on the part, it is not yet well understood how small variations in those parameters, 

may influence the performance of parts [58–60]. This uncertainty can be accounted for to some degree 

through the use of quality control testing and in-situ monitoring, though these come with their own 

challenges.  

While testing and in-situ monitoring can help provide confidence in printed parts, these do not 

directly help with selection of the baseline LPBF process parameters for a given part. To better facilitate 

this portion of the process design, without the need for extensive experimental iterations, we can turn to 

computational modeling and simulation. Though modeling and simulation of the LPBF process are active 

areas of research, they have been shown to provide valuable insight into the physical processes, and 

show promise for predicting outcomes prior to printing. These models range from expensive high-fidelity 

multi-physics simulations, which allow us to study the process in detail, to data-based process maps, 

which provide fast heuristics-based estimates of the process outcomes. In between these are reduced-

order models, which make approximations for at least some of the physics of the process, as well as a 

growing number of machine-learning based models, which rely on large amounts of data to make fast 

predictions about specific process outcomes. Due to the computational expense of high-fidelity 

simulations, and the non-specificity of process maps, these two types of models are not generally 

practical for use in LPBF process optimization. 

 

While there have been significant advances in modeling and simulation of LPBF process 

outcomes in the past several years, much work is still needed to develop these models into tools which 

 
6 Apple announced in late 2025 that they are using LPBF to mass manufacture watch cases out of titanium to cut 
back on the volume of scrap material produced by conventional subtractive manufacturing, significantly reducing 
their raw material usage and helping them reach their sustainability goals [54–56]. This is the first known use of 
LPBF for the mass manufacture of a widespread consumer product that we were able to find. 
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are practical as part of the engineering design process. In this research we explore the creation of a 

surrogate model for predicting statistics of microstructures produced by the LPBF process which is fast 

and accurate enough to use for process optimization as part of the engineering design process. A 

diagram depicting what this process might look like can be seen in Figure 5, where an initial set of 

process parameters is provided and fed into a thermal model, the results of which are fed into our fast 

microstructure model, which is then used to inform an optimization algorithm. As part of the creation of 

our microstructure surrogate model, we will use high-fidelity microstructure simulations to inform and 

validate our surrogate model. Because the microstructure simulations which we wish to replace do not 

have any obvious paths to the development of a reduced order model, it was known that the most likely 

path to the creation of our surrogate model would be through the use of machine learning algorithms. 

Before introducing the proposed framework for the creation of such a model in Chapter 2, the rest of 

this chapter is devoted to providing relevant background information. 

 

Figure 5 – Flowchart illustrating the conceptual process optimization loop. Microstructure simulations are used to inform the 
microstructure surrogate model, without the main optimization loop relying on them. 

1.3 LPBF Microstructures  

Microstructures are the mesoscopic scale structures that make up materials. In metals, these 

structures generally consist of crystalline atomic lattices composed of repeating patterns. While it is 

possible for an object to consist of a single crystal structure, the processes which form these structures 

often result in misalignments between individual sections of atomic lattice. As these crystals grow, these 

misalignments result in crystal structures which do not link together to form one crystal, but instead 

remain as separated, but bonded, structures due to the misalignments causing disruptions in the lattice. 
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These individual crystals are called grains and can range from the micrometer scale all the way up to the 

centimeter scale7. The size of these grains, frequency of these grain boundaries, alignment of the crystal 

structures, and existence of other sub-structures caused by the proportions of the constitutive elements, 

can all have impacts on the bulk properties of the material, such as the yield strength and fatigue 

performance [40,61–66]. This is a particularly interesting area of research in LPBF due to both the 

relatively unusual microstructures which can form during the process, as well as the potential to control 

these in a precise manner [26,39,51,52,67–70]. 

In LPBF, the small melt pool combined with the comparatively high speeds at which the laser 

heat source moves, results in this process having extremely high cooling rates and thermal gradients. 

These cooling rates are often in excess of 104 K/s, making it a rapid solidification process, which can 

result in the formation of non-equilibrium microstructures [71,72]. Additionally, due to the high thermal 

gradients and repeated layering, the resulting microstructures often have high proportions of long 

columnar grains [73,74]. These microstructures are uncommon in processes like casting, where the 

comparatively large amount of molten material takes longer to cool down[41,75–77].  

The microstructures which result from the LPBF process are unusual in the world of conventional 

metallurgy due to the high cooling rates, large thermal gradients, small melt pools, and many other 

factors including interactions with the laser [29]. Most frequently discussed in literature is the high 

propensity for the formation of long columnar grains, which can have negative impact on part 

performance [32,78]. Also of interest is the tendency of the very high solidification rates involved in the 

process to result in very fine, equiaxed8 grain structures, which in certain use cases can be advantageous 

for part performance. Being able to control when and where these microstructure regimes occur when 

printing parts would therefore be advantageous for modifying part characteristics during the design 

process. However, the mechanisms of formation of these grain structures are complex, and the process 

parameters interact in ways that make it hard to define simple rules for precise control of the 

microstructure formation.  

 
7 Zinc crystals which form the surface of galvanized steel are often visible to the naked eye. 
8 Equiaxed grains are grains which have dimensions which are nearly equal in all directions. 
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1.4 Modeling And Simulation of LPBF 

There are a wide variety of models with which the LPBF process can be simulated, with varying 

levels of modeling fidelity and tradeoffs. The simplest models available are regression based models or 

process maps, which do not actually simulate the process, but instead rely on experimental and 

simulation based data to predict characteristics like how deep the melt pool will be based on the process 

parameters [69]. Jumping up to high-fidelity models, there are multi-physics codes which simulate the 

heat transfer process, the fluid dynamics of the melt pool, and the interaction of the laser light with the 

melt pool and the powder [79,80]. Such models have the added advantage of allowing us to explore the 

impact of each individual physical phenomenon by turning on or off specific physics [81], which can 

provide insights on how best to modify the process to achieve a desired outcome. In between, there are 

reduced order simulations which approximate or remove some aspects of the physics involved. 

Additionally, there is a growing interest in machine learning based surrogate models, which use large 

amounts of data to approximate the output of physics-based simulations. While machine learning based 

models need large amounts of data on which to learn, the resulting models are much faster than 

traditional simulations and much more precise than traditional data-based methods. 

The foundational model required for simulating LPBF is a thermal process model because the 

LPBF process is fundamentally the melting and subsequent solidification caused by a moving heat 

source. These models allow for the direct prediction of the melt pool geometry, and resulting 

characteristics such as lack of fusion and surface roughness, and can be coupled with other types of 

simulations for the prediction of other part properties. For instance, combining a thermal model with a 

mechanical model allows for the prediction of residual stresses in printed parts by modeling the 

influence of different regions heating, cooling, and solidifying at different rates and times [82]. 

Alternatively, combining the thermal model with certain computational materials science models allows 

for the prediction of material phase and probability of solidification cracking [46], or the prediction of 

complete microstructures as printed by the LPBF process. 

1.4.1 Thermal Modeling 

Thermal process modeling of LPBF is a continually expanding field, with a significant amount of 

interest in surrogate models. There is so much interest because thermal modeling can be used in 
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conjunction with structural models to predict residual stresses, and in conjunction with materials science 

models to make predictions about microstructures. While there is continued interest in high fidelity 

thermal models, which allow us to study the complex phenomena which occur during the LPBF process, 

the extremely large disparity in time and length scales between the melt pool and a full printed part 

make surrogate models an increasingly popular topic.  

High fidelity models such as those by Heo et al [26,79,83] can resolve individual powder 

particles, the reflections of the laser light in the denudation zone of the melt pool, as illustrated in Figure 

6, and the convective currents in the melt pool. These models allow us to observe phenomena which 

would otherwise be hard or impossible to observe directly, such as the influence of Marangoni 

convection [84], and the influence of keyholing on pore formation [85]. 

 

Figure 6 – Illustration of the behavior of the laser light source for the LPBF process, as simulated by a high-fidelity multi-physics 
simulation with ray tracing. From Khairallah et al [83], reprinted with permission from AAAS. 

Because of the complexity and computational cost of such high-fidelity simulations, there are 

few such models in existence, and they are predominantly used for studying the process. Instead, most 

LPBF thermal models found in literature attempt to simulate the minimum amount of physics necessary 

to achieve accurate predictions. One such method for the simulation of the LPBF process is to model 

only conduction – excluding explicit convective and radiative heat transfer – and treat both the loose 

powder and the consolidated part as a homogeneous material with constant effective material 

properties which have been calibrated such that the model can accurately predict the behavior of the 
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melt pool [86]. While such models do not accurately describe the physics of the process, the overall 

temperature predictions of the regions around the melt pool have been found to have a reasonable 

degree of accuracy. Additionally, due to the nature of the equations which describe conduction mode 

heat transfer, it is possible to find analytical solutions, allowing for the creation of semi-analytical models 

that can simulate the LPBF process much faster than conventional finite difference or finite element 

methods at the expense of temporal resolution [86]. 

While these reduced-order models allow for the simulation of the LPBF process much faster than 

high-fidelity simulations, they can still be too computationally expensive for some applications. One 

option for making predictions without the need for simulations is the use of data driven models or 

process maps, which provide a heuristic approach to quickly making predictions about the LPBF process 

such as the melt pool depth and width, both of which are common metrics analyzed using 

experimentation and simulation[87]. Another approach that has been gaining popularity is the use of 

machine learning to either replace or augment thermal simulations. These models are trained on large 

datasets of thermal simulation results, and generally allow for the prediction of future states given a set 

of inputs [88]. 

1.4.2 Microstructure Modeling 

As computing power advances and materials science algorithms get better, there is growing 

interest in using computational modeling to model the influence of LPBF process parameters on 

microstructures. This includes such things as targeted models of phase segregation during the 

solidification process, to help us understand some of the finer details of the process [46], as well as 

much larger and more complex models and simulations of the complete microstructures which are 

formed during the printing process. Such models can be combined with other models for the prediction 

of physical characteristics such as fatigue performance and stress-strain responses [78,89], which allows 

for the prediction of part performance; however, the focus of this research is solely on the creation of a 

surrogate microstructure models, so we will not explore these more. 

There are three primary methods for direct simulation of the solidification and grain growth 

process: phase fields, cellular automata, and kinetic Monte Carlo methods. Each of these methods has 

benefits and tradeoffs, as well as slightly different use cases. Phase fields, which numerically solve 
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differential equations that have been configured to behave similarly to physical processes, are generally 

the highest fidelity form of microstructure simulation. While this provides more detail about the 

solidification process than the other methods, this comes with increased computational cost, and phase 

fields are typically used for simulating smaller domains than the other methods. In contrast, cellular 

automata and kinetic Monte Carlo methods both rely on voxel-based representation of the domain, and 

use simpler relationships between neighboring voxels, instead of attempting to solve continuous 

differential equations. This makes these methods much faster, and better suited for the simulation of 

larger domains, at the expense of the accuracy of the physical process being modeled. Generally 

speaking, cellular automata methods update the state of voxels based on a set of rules in relation to the 

neighboring voxels. Kinetic Monte Carlo methods are similar in that voxels are updated based on the 

state of their neighboring voxels, with the distinction that such updates are probabilistic.  

While all three approaches to the simulation of solidification dynamics have been used 

successfully in the modeling of the LPBF process and other similar processes [51,90–95], we were able to 

quickly rule out the use of phase field approaches for our purposes, as they are not conducive to the 

goal of this research. Because their high computational cost makes them slower than other methods, 

and less suitable for simulation of large domains on the same scale as LPBF printed parts, phase fields 

would not be a practical method for generating the large amounts of data needed to train a surrogate 

model [96]. While cellular automata have some advantages over Monte Carlo methods for the purposes 

of predicting solidification dynamics [97], Monte Carlo methods are generally less computationally 

expensive and better suited for the modeling of large domains [66].  

The avenues for the speedup of these conventional microstructure models are limited due to the 

reliance of these methods on small time steps and high resolutions to capture the multiple time and 

length scales of nucleation and grain growth. Models for some physical processes such as heat transfer, 

can be sped up by reformulating them to allow for larger time steps or coarser resolutions via simplified 

physics and semi-analytical solutions to the underlying differential equations [86]. However, in the case 

of microstructure simulations, particularly cellular automata and Monte Carlo methods, the stochasticity 

and cascading effects created by consecutive updates of voxel states likely make it impossible to develop 

a closed form solution.  
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However, while these models do not lend themselves to mathematical acceleration strategies, a 

variety of known relationships between the solidification process and the resulting microstructures have 

made it possible to create fast surrogate models which approximate the general behavior of the 

microstructure formation process. The most prominent of these relationships, Hunt’s criteria for the 

columnar to equiaxed transition of grain growth, and subsequent variations, have been adapted to 

approximate which regions of a weld will contain columnar grains [98,99]. Additionally, advances in 

machine learning techniques have made data-driven surrogate models and mixed simulation-machine 

learning models [100] viable options for the acceleration of microstructure predictions. 

1.5 Machine Learning  

Due to the complexity of the models used for predicting microstructures in additive 

manufacturing, it was anticipated that mathematical simplifications of the underlying physics alone 

would not be sufficient for producing a fast surrogate model. The alternative methods for producing fast 

surrogate models can all broadly be classed as machine learning. Here we will provide a background on 

machine learning, including some of the applications and underlying algorithms. 

Generally speaking, machine learning refers to methods and algorithms “which can 

automatically detect patterns in data,”[101] and use those patterns to make predictions related to the 

data. There are three primary types of problems to which machine learning is applied: regression 

problems, where the goal is the prediction of numerical values, clustering problems where sets of data 

are automatically assigned to groups, and classification problems, where the goal is to predict the most 

likely element of a set. 

Though it is not what first comes to mind for many people when discussing machine learning, 

linear regression is the foundation on which many machine learning methods are built. One of the 

simplest types of regression problems is simple linear regression: drawing a best fit line through a set of 

2D data points. While simple linear regression refers to fitting straight lines, broadly speaking, linear 

regression is used to fit functions, such as a polynomials, to data of any dimensionality. This contrasts 

with non-linear regression, which uses non-linear equations to predict more complex relationships.  

A similarly simple example of a clustering problem is drawing a line between two groups of data 

points on a scatter plot, trying to find the line that best divides them. Examples of classification problems 
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are identifying what species of animal is in an image, or using traits of an animal to determine its species. 

Classification problems dealing with image data are often treated as a subset of classification called 

image classification, and often use different methods than non-image classification. While they do not 

intuitively appear as classification problems, the most prominent example of the application of 

classification algorithms in the public eye at the time of writing is the use of Large Language Models 

(LLMs) for text generation in the form of chatbots or autocompletion, which predict the most likely word 

based on contextual data [102,103].  

Conceptually, classification problems are quite similar to clustering problems, in that the data is 

being sorted by which group it belongs to; however, the key distinction is that clustering is used to 

identify the groups which exist in data, whereas classification uses pre-defined groups to learn how to 

sort data. To put this in the terminology of machine learning: classification is supervised learning, 

meaning it uses pre-labeled data to learn specific categories, and clustering is unsupervised learning, 

meaning it is only given the raw data without any concept of what the categories are.  

The methods and algorithms required to solve all of these problem types can be quite complex 

for all but the simplest problems. While many machine learning methods are best suited to specific 

problem types, there are a few that stand out for their broad applicability. Two of the most broadly 

applied classes of machine learning methods, are Gaussian processes and neural networks, which have 

gained popularity in the field of surrogate modeling for a variety of scientific and engineering problems. 

These non-linear methods can generally be considered universal function approximators, regardless of if 

the functions to be approximated are known [104–108].  

Gaussian processes are a method for applying the principles of Bayesian statistics to regression 

problems, which allows for predictions of both values and uncertainty of the predictions. While Gaussian 

processes are very powerful tools for modeling, the algorithms involved have practical limitations when 

applying them to very large problems, in terms of both the size of the data set and the number of 

independent variables used as inputs. While there have been recent improvements to the algorithms 

available for Gaussian processes, allowing for their application to larger problems, these methods are 

new enough that the choice was made not to pursue these methods. This is because it was not well 

understood going into this research how much data would be needed to create a model that covers the 

full process space or how much information would be needed as inputs to the model, or what form the 
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model would need to take. By contrast, neural networks are particularly well suited to handling large 

amounts of data, including large model inputs, and offer much more flexibility in implementation than 

Gaussian processes. 

1.5.1 Neural Networks 

Neural networks (NN) are a class of machine learning algorithm which broadly mimic the signal-

activation methods of neurons in a brain [109]. The most basic building block of a NN is the perceptron, 

often referred to as a neuron or node, which multiplies its inputs by learned weights, sums them along 

with a learned bias term, then applies a non-linear activation function to the resulting value. In this basic 

form the perceptron has limited functionality, but combining many of them, each with their own weights 

and biases allows for the NN to learn complex relationships in data. Combining multiple of these in 

parallel, each with the same inputs, creates what is referred to as a “layer” of a neural network. Several 

of these layers can then be combined in series, with the outputs of one layer serving as the inputs to the 

next, to create a full neural network; this basic form of neural network is called a multi-layer perceptron 

(MLP). Neural networks with multiple layers between the input and output, called hidden layers, are 

more generally referred to as deep neural networks, which gives rise to the name “deep learning.” 

The learned parameters – the weights and biases – of neural networks are set using a process 

called back-propagation – commonly referred to as training – in which an optimization algorithm 

iteratively tunes the parameters. This optimization process attempts to fit the overall behavior of the 

neural network to a set of training data that has been selected to represent whatever problem is being 

solved, in much the same way that linear regression fits an equation to a set of data points. Unlike with 

linear regression, however, the complexity of neural networks makes it generally impossible to find the 

global optimal solution, and practitioners instead rely on advances in optimization and training 

techniques to ensure their NN models are accurate. There are a variety of optimization algorithms which 

have shown promise for training neural networks; however, they all rely on the same basic principles of 

adjusting the model parameters proportionally to the gradient needed to minimize the error – called the 

loss –of the model’s predictions for a given set of inputs, against the target values given by the training 

data. This process often iterates over subsets of the training data – called batches – allowing the model 

to train on much larger datasets than would otherwise be possible. This batch training has also been 
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shown to have benefits for the overall accuracy of neural networks, particularly with respect to data not 

included in the training data. 

In addition to tuning the weights and biases of neural networks, the parameters which describe 

the overall neural network – known as the hyperparameters – can be tuned to make NNs better suit the 

problem being addressed. These hyperparameters include the width – the number of perceptrons – of 

each layer, the number of layers, and sometimes other NN features such as the activation function. 

While MLPs are the prototypical type of neural network, other forms of neural networks can be created 

by adding other mathematical operations alongside the basic perceptron. Two of the most prominent 

and distinct classes of neural network are convolutional neural networks (CNNs), and transformers. We 

will provide a brief background on these two classes of NN in the next 2 sub-sections; however, as this 

research does not focus on the development of a new NN architecture, we will not get into the details of 

how they work. These other classes of neural networks introduce their own hyperparameters, such as 

the kernel width and kernel stride in the case of convolutional neural networks. Generally, larger 

networks – as described by the total number of learned parameters – are considered more capable of 

learning large amounts of information or more complex relationships, but come with tradeoffs of 

increased computational cost for both training and inference, and can be more challenging to train. To 

balance these tradeoffs, a second layer of training optimization can be carried out in the form of 

hyperparameter optimization, where a NN is trained multiple times on the same data, with an 

optimization algorithm controlling the NN hyperparameters. 

In the case of both NN training and hyperparameter optimization, the goal is generally not to 

find the model with the highest possible accuracy with respect to the training data, but instead to find a 

sweet spot where the model predicts the training data with sufficient accuracy without overfitting the 

data. Much like with polynomial regression, where a poorly tuned polynomial can have erratic behavior 

both between and beyond the data points to which it is fit, a neural network which can perfectly 

duplicate the data it is being trained on is often indicative of the model learning to encode the training 

data, or overfit, rather than learning meaningful relationships. One of the primary methods for 

mitigating this when training neural networks is to split the data available for training into test and 

training sets. By letting the neural network train on a subset of the data, a user can monitor the 

performance of the neural network with the remaining test data to determine if the model starts to 
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overfit. Additionally, a variety of techniques have been developed to minimize overfitting and help NNs 

generalize to new data not included in the training data. These techniques largely revolve around 

augmenting the training data, such as adding small amounts of random noise to numerical or image 

data, flipping or rotating array-based data, or randomly removing portions of the data. Other techniques 

such as dropout – which randomly skips over neurons during training – add variation to the model itself 

during training process, resulting in the model effectively being an ensemble average [110]. 

In addition to the already mentioned convolutional neural networks and transformers, other 

mathematical constructs and connections between layers can be incorporated to create many types of 

neural networks, including Bayesian NNs, MLP mixers, recurrent neural networks, and physics informed 

neural networks (PINNs). Additionally, by combining multiple neural networks, NNs can be created which 

are particularly good at certain tasks. For example, autoencoders are good at dimensionality reduction 

tasks, and variational autoencoders and generative adversarial networks are useful as generative models 

which can do things like creating images from a text description. 

1.5.1.1 Convolutional Neural Networks 

Convolutional neural networks are a class of machine learning neural network most commonly 

associated with image classification tasks, which use convolution operations instead of linear layers as 

their primary building block. Convolutions are a mathematical tool which, in the functional space, 

operates on two functions by effectively sliding one function across another to produce a third function. 

In the world of discrete mathematics, where we operate on arrays of numbers rather than symbolic 

equations, the convolution operation instead marches an array, called a convolution kernel, across 

another array, creating a new array with values at every step the kernel takes. The values at these points 

are the dot product of the values of the kernel with the values of the section of the array that the kernel 

is overlapping. In convolutional neural networks these kernels are learned in the same way as the 

weights of perceptron-based networks, and operate on the data as it passes through the network. 

First proposed in 1998 for the purposes of text recognition, ConvNets originally consisted almost 

entirely of convolution layers, only including linear layers at the very end [111]. These neural networks 

gained popularity for image classification problems in 2012 with the advent of AlexNet [112], due to its 

performance in the ImageNet challenge [113]. While these classes of NN gained popularity for their 

performance classifying images, they have since grown in popularity in many fields that work with multi-
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dimensional spatial data. These include applications in modeling physical systems, such as fluid flow and 

additive manufacturing processes, and processing 2D and 3D medical scans. 

1.5.1.2 Transformers 

Transformers are a deep learning architecture which serve as the basis of many state-of-the-art 

large language models – such as ChatGPT, Gemini, LLaMA and Claude – and image classification 

networks based on the Vision Transformer (ViT) architecture. These neural networks rely on the 

concepts of tokenization, which converts data into vector embeddings the model can learn to interpret, 

and multi-head attention, which allows the model to learn the relative importance of each token in a 

sequence to each other token. Multi-head attention is somewhat similar in concept to the convolutions 

used in CNNs, allowing the model to learn how certain arrangements of inputs create meaning. 

However, they are significantly different in that convolutions use kernels to learn patterns of adjacent 

input data, whereas multi-head attention learns to predict the importance of every token in the input to 

every other token. This allows transformers to learn long-distance relationships directly; in contrast, 

convolutions inherently assume that closer data is more important – except with very large kernels – and 

only learn long-distance relationships via several layers of these short distance relationships. This 

explanation is a simplified version of how transformers work, as the architecture is quite complex in 

practice, but the end result of this combination of token embedding and multi-head attention is that 

transformers are very computationally expensive and require large amounts of data to learn well. 

Because transformers have been shown to have state of the art performance in multiple 

applications, and due to their ability to learn non-local relationships between data without assumptions 

of closeness, transformers were initially considered as a promising option for the development of our 

surrogate microstructure model. The non-local relationships of transformers were deemed interesting 

because while this is a physical process where the only direct interactions are between adjacent points, 

it was not known if the complexity of the process might make the ability to learn long-distance 

relationships advantageous. However, the high computational and training costs ultimately led to the 

decision not to pursue a transformer as the basis of our surrogate model. 

Interestingly, the success of the transformer architecture has led to the revisiting of many other 

architectures, including former state of the art models, to apply lessons learned from and since the 

advent of transformers. This has resulted in MLP and convolution-based image classification networks 
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which have comparable accuracy to state-of-the-art transformer-based models despite often being less 

computationally expensive [114,115]. It is one of these resulting architectures which was ultimately used 

as the basis for our surrogate model, as is discussed in Section 3.2. 

1.5.2 Machine Learning Surrogate Modeling 

As machine learning techniques and computational power have advanced over the past several 

years, there has been a growing interest in using these methods to create surrogate models which can 

quickly make predictions about physical phenomena without the need for full simulations. While basic 

regression-based curve fitting and empirically based heuristic models have been in use for much longer 

than machine learning has existed, machine learning models offer the prospect of much more advanced 

predictions, based on a larger number of parameters. Such machine learning based surrogate models 

have been explored in a variety of scientific and engineering domains [116], from fluid mechanics to 

protein folding predictions [117]. 

One of the most interesting machine learning methods for the purposes of surrogate modeling is the 

Physics Informed Neural Network (PINN) – which use mathematically defined physical relationships to 

constrain the predictions of the NN to ensure physical consistency. While these have gained traction in 

many areas of physics-based modeling, the lack of clear and consistent relationships that can be used to 

constrain microstructure evolution along arbitrary time scales make PINNs an impractical choice for this 

stage of developing surrogate microstructure models for the LPBF process.  

 
These methods have found growing use in the field of additive manufacturing for the prediction 

of the geometry of melt pools and modeling the thermal process [118–120], the prediction of residual 

stress and stress-strain responses [50,121], and to some degree for process optimization [122–124] and 

prediction of microstructures [96,125]. As the focus of this work is on the prediction of microstructures 

using a machine learning based surrogate microstructure model, we will briefly touch on two of the most 

effective of such methods found in our review of the literature9. 

One of the most similar methods for the creation of a surrogate microstructure model to that 

presented here comes from Knapp et al at Oak Ridge National Laboratory [125]. In this paper they use an 

 
9 Both of these models were published after the development of the surrogate model presented in this research 
was complete. As these models were developed concurrently, this provides an interesting comparison of other 
methods for the development of such models given the same advances in machine learning and computational 
power. 
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unsupervised clustering approach to make predictions about the heterogeneity of microstructures using 

characteristic thermal data from groups of voxels. While we do not use a clustering approach in this 

research, there are many directly comparable concepts between their methods and those presented 

here. 

A less directly comparable method was developed by Ma et al, and uses machine learning to 

create a surrogate model that emulates phase field simulations [96]. For this model, a generative model 

called a diffusion neural network was used; such NNs are used by many popular image generation 

models. The resulting model is capable of predicting small regions of a microstructure based directly off 

the LPBF process parameters. Because it does not attempt to emulate or represent the full thermal 

process in any way, and was trained on very small phase field simulations with specific initial conditions, 

the practical applications of this model are limited. However, it serves as an interesting proof of concept, 

and may provide an interesting way to make quick predictions about specific characteristics. 

1.6 Research Goals and Dissertation Structure 

The goal of this research is to develop and analyze a framework for the creation of surrogate 

microstructure models for the laser powder bed fusion additive manufacturing process, which are fast 

enough to be used for the optimization of process parameters based on the resulting microstructures. To 

do this, after developing the framework, it is used to create a surrogate model for the prediction of grain 

size distributions produced by the LPBF manufacturing of 304 stainless steel. We then explore the 

usefulness of this model, the implications of observed phenomena, and the underlying assumptions 

used when creating the model and model framework. 

Chapter 2 introduces the framework and the theory used to develop it, then introduces the 

thermal and microstructure models that are used for the creation of the surrogate microstructure 

model. Additionally, the form of the data used by the surrogate model is introduced and explored. 

Chapter 3 delves into the specifics of the surrogate model, including the architecture of the 

model, and the actual process of creating the model. Additionally, the method used to measure the 

model’s accuracy is explored through numerical experiments, with particular emphasis on the influence 

and implications of the stochastic nature of microstructure formation. 
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Chapter 4 analyzes the accuracy of the model, both in the context of the process parameter sets 

used to train the surrogate model, and in the context of making predictions about new process 

parameters. In order to better explore the implications of some of these results, the impact of the 

number of simulations used to generate training data is also explored. 

Chapter 5 directly analyzes the model’s understanding of the thermal characteristics used to 

represent the LPBF process to the surrogate model, and explores how well the dataset used to train the 

model represents the full LPBF process space. 

Chapter 6 summarizes the findings of this work and their implications, and provides some 

thoughts on the future paths this research could take. 
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Chapter 2 Surrogate Model Framework 

2.1 Introduction 

This chapter discusses the details of the framework and tools used to create the proposed 

microstructure surrogate model. In Chapter 1 we introduced the envisioned process optimization use 

case for the surrogate microstructure model, which is informed by microstructure simulations, with 

inputs from a thermal process model, as illustrated in Figure 7. Here we will explore these relationships 

between the surrogate model and the simulations which inform it in more detail. First, we will explore 

how the flow of data acts as a guiding framework for the creation of the model, including how the form 

of the data can guide the methods used by our model, and finally, discuss the data and simulations used 

to create it in detail. 

 

Figure 7 – Flowchart illustrating the conceptual process optimization loop. Microstructure simulations are used to inform the 
microstructure surrogate model, without the main optimization loop relying on them. 

2.2 Framework For Model Development 

As previously mentioned, the avenues for accelerating microstructure simulations via a reduced 

order or reduced fidelity approach are limited due to the nature of the methods used by these 

simulations. Instead, the framework illustrated in Figure 8 was designed for the development of a 

surrogate microstructure model which could statistically approximate microstructure metrics based on 

characteristic representations of the thermal history of the printing process. The process for the creation 

of the surrogate model starts with a thermal model of the LPBF process, which is used both as part of a 

traditional microstructure simulation and to produce thermal characteristics used as inputs to our 
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microstructure surrogate model. The results of the microstructure simulations are post-processed to 

produce statistics about grain morphology metrics. These statistics are then fed along with the thermal 

characteristics, into the microstructure surrogate model for the purposes of learning a mapping from the 

thermal data to the microstructure data. The resulting microstructure surrogate model can then be used 

in conjunction with the thermal model to make predictions about microstructure statistics for new 

combinations of LPBF process parameters and part geometries. 

 

Figure 8 – Framework for the creation of the surrogate microstructure model. 

For both the thermal modeling and microstructure simulation components of this framework, 

any of the many available LPBF models can be utilized so long as they can produce the requisite thermal 

and microstructure data. Interestingly, this also hypothetically allows for the substitution of the thermal 

model after the microstructure surrogate model has been created, as the surrogate model can in theory 

accept any physically valid thermal history, in the same way that microstructure simulations can. 

However, doing so may result in unpredictable behavior from the surrogate microstructure model if the 

thermal history is sufficiently different from any of the data used to create it1. 

Because the goal of this research is to create a model fast enough to optimize the LPBF process 

parameters, which requires running both the thermal model and the surrogate microstructure model, 

the best candidates for the thermal model are those which can simulate large process volumes relatively 

 
1 This may be possible to mitigate via fine tuning a trained model on new data, but this is beyond the scope of this 
work. 
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quickly. This also helps accelerate data generation for the purposes of creating the surrogate model, 

though the microstructure simulations will generally be the limiting factor for reasons which will be 

made clearer shortly. 

While the framework depicts the thermal model separately from the microstructure simulation, 

with data flowing from one to the other, in practice, microstructure simulations generally require 

running the thermal model as part of the microstructure simulations. This is because many methods for 

microstructure simulations model the solidification process in full, requiring access to nearly every time 

step of the simulated thermal process, something which is impractical to achieve by saving and loading 

the simulated thermal process. However, an identical standalone thermal model is necessary for making 

predictions about the microstructure using our surrogate model without running a full microstructure 

simulation. Unlike with the microstructure simulations, we do not wish to couple this directly with our 

microstructure surrogate model, but will instead find a way of representing the full thermal history using 

a collection of summarizing thermal characteristics. 

As discussed in Section 1.4.2, there are a variety of methods for simulating the formation of 

microstructures during the LPBF process. All such models should be compatible with the framework 

presented here, though slower models may not be feasible for producing the large amounts of data 

needed to train many machine learning methods. Additionally, not all models are capable of simulating 

all aspects of the microstructure which may have an impact on the performance of a printed part, so the 

microstructure model must be chosen with the desired grain morphology metrics in mind. For the 

purposes of this research, we will use the SPPARKS additive manufacturing model developed by Theron 

et al [126], which we will discuss more in Section 2.4. Like with the thermal model, this framework 

allows for the use of any microstructure model which relies on thermal simulations of the LPBF process. 

The microstructures produced by the microstructure model then need to be post processed into 

statistical representations of the grain morphology which the surrogate microstructure model will learn 

from and attempt to reproduce. For the purposes of the work presented here, the microstructure 

statistic used is the grain size distribution. This can in theory be swapped for any other grain morphology 

metric such as the aspect ratio, average grain size, or even texture. 

To create the microstructure surrogate model itself we started by reviewing what classes of non-

linear regression algorithms exist. Gaussian processes were considered but ultimately rejected due to 
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the high dimensionality of the problem. Turning instead to neural network architectures we decided the 

methods used for image classification would be most fitting, as the formation of microstructures is highly 

dependent upon spatial relationships of values in an array, something that image classification networks 

also rely on. However, this alone is insufficient for applying these networks to these problems; the key is 

that image classification networks generally output a vector of probabilities – though it is normally 

hidden, with only the maximum value returned – which we knew could be a viable representation of our 

microstructures in the form of grain size distributions. Figure 9 illustrates the similarity between our 

expected data structures and the data structures used by an image classification network. Here our input 

data is an array representing 3D space with multiple channels and a probability distribution represented 

by a vector as an output, and an image classification model has an array representing a 2D image, with 

multiple color channels, as an input and a vector of probabilities as an output. While our proposed 

method differs from image classification networks in that image classifiers are designed to correctly 

predict the most likely option, whereas our model is intended to predict probability distributions, using 

neural networks to predict probabilities or distributions is not a novel concept [127–130]. 

 

Figure 9 – Data-wise comparison between our model and an image classification network 

This still left us with problems to address, namely, how to apply our model to problems with 

variable print or simulation domain sizes. In many neural networks used for array-based data, the size of 

the input is fixed due to mathematical constraints, changing the size of the input results in mismatched 

matrix dimensions. To address this, we use a moving input window, feeding the model only a fixed size 

portion of the thermal data and having it make predictions about just that portion, in this case just the 

centermost point or voxel of the input window. This has the added benefit of then allowing us to make 
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localized predictions about each voxel of the domain individually2, providing detailed insight and 

theoretically allowing for very precise process optimization. However, this requires that we have 

statistical representations about each voxel of the print for training the model; to do this, we need to run 

the microstructure simulation several times using the same parameters, relying on the stochastic nature 

of the microstructure simulations to produce an ensemble of microstructures which can be converted 

into spatially defined statistics. It is for this reason that the computational costs of the microstructure 

simulations used to create our training data are the limiting factor for data generation. 

This combination of a moving window and spatially defined statistics is illustrated in Figure 10, 

the top half shows the thermal data with a moving window outlined in red, we then see how this 

corresponds to a single voxel in two microstructures from an ensemble of simulations, and finally the 

corresponding grain size distribution for that voxel. In the bottom half of Figure 10 we see how shifting 

the moving window of the thermal data over by one voxel corresponds to a different grain size 

distribution, one voxel over in the microstructures. 

 
2 The moving window approach used here is not the only approach to solving the variable input size problem, or for 
making local predictions; CNNs and U-nets can both be made to accept variable input sizes, but would come with 
their own trade-offs. 
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Figure 10 – Illustration of the relationship between the thermal data, simulated microstructures, and microstructure statistics. 
Top) The relationship between the moving window of the thermal inputs, the point of interest of the microstructures, and the 
statistics provided at that point by an ensemble of simulations. Bottom) Illustration of how moving the window changes the 

point of interest and the corresponding statistics.  

While the need for ensembles increases the computational cost of training the model, this 

approach is beneficial for a problem which has not been addressed yet: neural networks typically need 

very large amounts of data to learn from. Through this moving window approach, we now have a distinct 

datapoint, consisting of a thermal field and microstructure distribution, for each voxel that has been 

processed in the simulated LPBF process. While this is an unusual way of representing microstructures, 

ensembles are a mainstay of probabilistic simulations, particularly for weather forecasting [129–131]. 

This turns a single LPBF thermal process simulation, with one set of process parameters, along 

with the corresponding hundred or so microstructure simulations that might be needed for an 

ensemble, into tens of thousands to millions of datapoints. By contrast, if we were only to simulate each 

set of process parameters once, and create one microstructure distribution from the whole simulation, 

we would need tens of thousands of such simulations for an equivalent amount of datapoints. 

The trade-off of this approach is that for the same number of LPBF simulations used to generate 

training data, we will have significantly less coverage of the LPBF process parameter space. While this 
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appears problematic, as the end goal of the model is to make predictions for new LPBF process 

parameters, one of the driving assumptions behind the framework presented here asserts that this lack 

of variation in LPBF process parameters does not significantly limit the model’s effectiveness. 

Specifically, because the surrogate microstructure model is never directly exposed to the LPBF 

process parameters, but is instead exposed to the thermal parameter space, we only need variation in 

the thermal parameter space for the model to learn the required relationships. We assume that, while it 

is likely that more variation in the LPBF parameter space would expose the surrogate model to a larger 

region of the thermal parameter space, the process is complex enough that the thermal characteristics 

within each simulated LPBF process vary despite the process parameters remaining constant3. This is 

because, while the laser’s path is often a repetitive pattern, and we use a constant laser velocity and 

power, among other things, the process is very dynamic and occurs in a finite domain. For example, as 

the printing process proceeds on each layer, the temperature of the powder bed rises, and the cooling 

provided by the base plate diminishes as more layers are added. This variation, combined with the 

moving window approach proposed here, means that the model will be exposed to a variety of thermal 

characteristics while learning from each simulated combination of LPBF process parameters. We expect 

that this, combined with similar variations in the resulting microstructure simulations and statistics, will 

result in the creation of a sufficient amount of variation for the surrogate model to learn the complex 

relationships between the two. 

Now that we have established the framework for creating our model, including the need for a 

thermal process model, microstructure simulations, and voxel specific microstructure statistics, we can 

discuss these in more detail. First, we will discuss the thermal model, and introduce how we condensed 

the results of our thermal simulations into data that our model could use. Then we will give details on 

the microstructure simulation method and code we selected, and explain how we created our voxel 

specific statistics. Finally, we will present a method for visualizing this unusual information. Discussion of 

the surrogate microstructure model itself will be left for the next chapter. 

 
3 Using varying process parameters within each simulated process would provide more variation in the training 
data, even with the same number of simulations, but could also miss relationships that appear with constant LPBF 
parameters. This was not explored as part of this research. 
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2.3 Thermal Model and Data 

For this research, the thermal model serves two similar but distinct purposes: informing our 

microstructure simulations, and providing information as an input to our microstructure surrogate 

model. During the process of selecting a thermal model we prioritized the speed and simplicity of the 

model, while also considering how limitations of surrogate models might interact with our 

microstructure model. While there exist surrogate thermal process models which can produce results 

very quickly [132], they often do so by taking very large time-steps or making approximations. These are 

potentially problematic, as large time steps can create artifacts in the data due to what are effectively 

discontinuities in time, and surrogate models which rely on approximations may be too simplified to 

produce the data we need for training our surrogate model. For this reason, the decision was made to 

instead use a simple thermal simulation in the form of a reduced order finite difference model. This 

model uses homogeneous thermal conduction with calibrated effective material properties to 

approximate the temperature fields produced by more complex simulations. Such models are 

computationally cheap to run and have been shown to have reasonable accuracy within ranges of LPBF 

process parameters that avoid potential defect forming process regimes like keyholing [86]. 

The selected thermal process model uses the calibrated effective material properties found by 

Wolfer et al for a similar reduced order conduction only process model [86], shown in Table 1. The 

numerical method we use is a 2nd order finite difference model with a uniform rectangular mesh with 

5μm voxels, and is 1st order accurate in time with 1μs time steps. The laser is modeled as a 2D Gaussian 

distributed heat source on the top surface of the active print layer, with no explicit cutoff for the bounds 

of the laser. All material is modeled as homogeneous with a constant thermal diffusivity for conduction, 

and no convection or emitted radiation. The boundary conditions are a constant temperature on the 

bottom surface, with insulated walls, and an insulated top – with the exception of the incident laser 

source term. 
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Table 1 – List of physical properties used by the reduced order thermal model for LPBF 
manufacturing of 316 Stainless Steel. 

 Value Units 

Density 7.79E-15 kg/μm3 

Thermal Conductivity 2.025E-5 W/μm*K 

Specific Heat 470.6 J/kg*K 

Melting Temperature 1723.0 K 

Solidus Temperature 1673.0 K 

Absorptivity 0.33  

 

The laser position is determined by a pre-calculated path file, which prescribes the laser 

position, the laser power(including whether it is on or off), and the length of each time step used by the 

simulation. These are precalculated in their entirety to make ensuring exact replication between the 

standalone thermal process model and the version implemented in the microstructure simulation code 

easier. Because the length of the scanlines or the hatch spacing is not always a multiple of the distance 

the laser moves in 1μs, the algorithm inserts shorter timesteps when this occurs. 

While the limitations of the thermal process model we use here could limit practical applications 

of our surrogate model, the thermal model can be freely swapped within our framework. Additionally, as 

we are still exploring the viability of the proposed method for microstructure modeling, it is not 

necessary to have a thermal process model which maintains accuracy for all possible combinations of 

process parameters. Instead, we will primarily focus here on modeling the small region of LPBF process 

parameter combinations, within the vicinity of the process parameters used when calibrating the 

selected model. 

2.3.1 Thermal Characteristics for Model Input  

Because the purpose of the surrogate microstructure model is to be faster than a microstructure 

simulation, it would not make sense to process every time-step of the thermal process simulation when 

making microstructure predictions, as this would be a comparable computational expense to the existing 

microstructure simulations. Instead, we treat our thermal model as a standalone part of the prediction 

process, and use a set of representative thermal characteristics, calculated by the thermal model, as 

inputs to the surrogate microstructure model. For this purpose, nine representative thermal 

characteristics, shown in Table 2, were chosen with each either having known direct relationships with 
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microstructure formation during solidification, or which provide a representation of the heating and 

cooling cycles which the material undergoes during the LPBF process. While it was not known at the time 

that these thermal characteristics were selected, if these thermal characteristics provided sufficient 

information for making accurate microstructure predictions or if any were superfluous, we analyze the 

importance of each of these thermal characteristics to the surrogate model in Section 5.2. 

Table 2 – Summary of the thermal characteristics used as surrogate model inputs. 

Characteristic Units 

Thermal Gradient in x-direction at solidification time K/μm 

Thermal Gradient in y-direction at solidification time K/μm 

Thermal Gradient in z-direction at solidification time K/μm 

Cooling Rate at solidification time K/μs 

Time in nucleation temperature range Time steps [count] 

Time between solidus and liquidus temperatures Time steps [count] 

Time between annealing and liquidus temperatures Time steps [count] 

Maximum reheat temperature after solidification K 

Number of melt cycles Count 

 

The first thermal characteristics, which are known to have a strong relationship with 

microstructure morphology, are the thermal gradients 𝐺𝑠𝑜𝑙, Equation ( 1 ), and the cooling rates at the 

time of solidification 𝑇̇𝑠𝑜𝑙, Equation ( 2 ). 

 
𝐺𝑠𝑜𝑙 = ∇𝑇|𝑠𝑜𝑙  ( 1 ) 

 𝑇̇𝑠𝑜𝑙 =
𝜕𝑇

𝜕𝑡
|

𝑠𝑜𝑙
 ( 2 ) 

𝑇(𝑥⃑, 𝑡) is the full temperature field, 𝐺𝑠𝑜𝑙  is the thermal gradient at the time of solidification, and we 

record the terms for each voxel only on the time step on which their temperature drops below the 

solidus temperature. These terms are commonly used in analysis of LPBF due to their relationship to the 

columnar-to-equiaxed transition (CET), and the prominence of columnar grain growth in the LPBF 

process [41,52,69,73]. This relationship is generally analyzed using the thermal gradient and the velocity 

of the solidification front 𝑣𝑠𝑜𝑙, instead of the cooling rate, but it can be shown that these three values are 

directly related using the relationship in equation ( 3 ). Because the finite difference method used here 

provides us with no direct way to track the solidification velocity, we instead use the cooling rate. 
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𝑣𝑠𝑜𝑙 =

𝑇̇𝑠𝑜𝑙

𝐺𝑠𝑜𝑙
 ( 3 ) 

While the magnitude of the thermal gradient is typically used for such analyses, here we record 

the 3 directional components independently to allow the surrogate model to learn any relevant spatial 

relationships. Because grains grow in the direction of the thermal gradient during solidification, the 

direction of the thermal gradient has a large influence on the relationships between neighboring grains, 

and the resulting size and shape of those grains. 

In contrast to the thermal gradient which conveys spatial information, the remaining thermal 

characteristics were selected to be representative of the complex thermal histories experienced by every 

voxel in the simulation, as illustrated in Figure 11. While the cooling rates do provide information about 

the thermal histories, we can see that they are much more complex than this single value can capture. 

 

Figure 11 – A snapshot illustrating some of the complexities of the thermal histories experienced by points during the LPBF 
process, with repeated heating and cooling cycles. The actual process results in significantly more heating and cooling cycles. 

The first three of these characteristics are the amount of time spent above three different 

temperatures: the nucleation temperature, the solidus temperature, and an annealing temperature. The 

nucleation temperature was chosen as it influences how likely grains are to nucleate in the mushy zone, 

and is directly modeled in our chosen microstructure simulation, as discussed in the next section. The 

nucleation time is defined as the amount of time each voxel spends below the liquidus temperature, but 

above the nucleation temperature, which we define here as the liquidus temperature minus the 
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undercooling temperature. The solidus temperature was chosen as it is the cutoff temperature below 

which grain growth is solid state, which involves different dynamics than nucleation and solidification-

based growth. This solid-state grain growth regime is represented to the model by the annealing time, or 

the amount of time spent below the solidus temperature, but above an annealing temperature. 

While the term “annealing temperature” usually refers to a prescribed temperature at which 

something is held for annealing during a manufacturing process – to achieve a desired change in the 

microstructure – rather than a material specific temperature, here we use it to refer to the temperature 

below which solid state grain growth is not expected to be significant. To determine the annealing 

temperature, we analyzed the standard equation for isothermal solid-state grain growth, equation ( 4 ) 

[93,133], which calculates the mean grain size of a sample held at a constant temperature, to determine 

the temperature below which solid state grain growth becomes negligible. 

 
𝑟𝑛 = 𝐾0 exp (−

𝑄

𝑅𝑇
) 𝑡 ( 4 ) 

𝑟 is the grain size, 𝐾0, 𝑄, and 𝑛 are growth rate parameters, 𝑅 is the gas constant, and 𝑡 is the elapsed 

time at the given temperature 𝑇. With the growth rate parameters used by the selected microstructure 

simulation code, discussed in the next section, we can solve for the rate of grain growth as a function of 

temperature, as depicted in Figure 12. Because this is an exponential curve, there is no obvious point to 

use as a cutoff below which grain growth stagnates. However, we can approximate the “knee,” the point 

at which the value begins increasing rapidly, by finding the temperature at which the derivative of the 

growth rate is equal to the average slope across all values. This process, and the resulting cutoff point, 

are also depicted in Figure 12. Inspecting the numbers at this point reveals that the growth rate at this 

temperature is approximately one tenth of the maximum growth rate, which we deemed to be a 

reasonable cutoff. 
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Figure 12 – Plot showing the relationship between temperature and rate of grain growth, with the location of the "knee" 
labeled. 

While we refer to these thermal characteristics as “times,” the choice was made to represent 

these thermal characteristics using the number of elapsed time steps in these temperature ranges. This 

introduces some error to these values, as not all time steps in the thermal simulation are equal; 

however, this choice was made to slightly reduce the computational load of these thermal 

characteristics, and minimize any potential for computational error which can be introduced by adding 

very small numbers repeatedly. This tradeoff in errors may be worth exploring in the future, as the 

influence of small perturbations on machine learning models can be hard to predict, but this is not 

explored in this work. 

The last two thermal characteristics are the number of times each voxel has melted – or the melt 

count for short – and the maximum temperature to which each voxel is reheated after solidifying for the 

last time. The melt count was chosen to provide a representation of the temporal relationship of the 

other thermal characteristics between neighboring voxels in a way that is largely unique to AM 

processes, where individual regions may undergo many melting and solidification cycles. This was 

included under the assumption that the model may be able to use this information to prioritize which 

neighboring voxels may be the most important for determining the microstructure at the current voxel. It 

is not obvious what the exact relationships might be, but it can be seen in Figure 13 that even in a very 

basic single layer print, the melt count provides useful information about which voxels have undergone 
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multiple solidification cycles from adjacent passes of the laser, something that is not clearly provided by 

other thermal characteristics. 

 

Figure 13 – Number of times each voxel on the top surface of a 1-layer raster scan has melted. 

Finally, the maximum reheat temperature captures one of the complexities of the repetitive 

heating cycles regions undergo as the laser passes within their vicinity. While this metric is only capable 

of capturing the most prominent of these reheat cycles and does not capture multiple heating cycles to 

similar temperatures, it is hoped that the combination of all of these thermal characteristics will provide 

the model with enough information to have an approximate understanding of the complete thermal 

history.  

While the calculation of these thermal characteristics adds computational cost to the thermal 

model, the overall impact of these calculations on the runtime of the thermal model is small. Through 

the use of careful optimizations which limit these calculations to only the voxels where they are relevant, 

the computational cost of calculating these nine thermal characteristics is much lower than the cost 

associated with the microstructure simulations. In addition to having lower computational complexity, 

these calculations are much more amenable to GPU acceleration than the complex stochastic logic often 

found in microstructure simulations.  

2.4 Microstructure Simulations and Data 

To generate the microstructures for training the model we use SPPARKS (Stochastic Parallel 

PARticle Kinetic Simulator), an open-source code developed by Sandia National Laboratories, that 
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contains kinetic Monte Carlo algorithms for simulating microstructure evolution [126,134]. A variety of 

modules have been developed for SPPARKS, which allow for the modeling of many different stochastic 

processes. For the purposes of this research, we use the finite-difference thermal additive manufacturing 

model developed by Rodgers et al [93,135]. This module implements a basic finite-difference thermal 

solver to model the thermal evolution of the LPBF process, and is calibrated for 304 and 316 stainless 

steels.  

This module models the nucleation and growth of grains in the mushy zone, and solid-state grain 

growth which occurs during the LPBF process. This model does not model the crystallographic 

orientation of the grains, but instead tracks an artificial grain ID. At the beginning of the simulation, the 

grain IDs for all voxels in the simulation domain are randomized; these are randomized again when a 

voxel is melted. During solidification, the voxels in the mushy zone have a chance of nucleating, and the 

voxels around them have a chance of switching to the ID of a nucleated grain or existing solidified grain. 

After dropping below the solidus temperature, the grains are allowed to continue growing. An example 

of a resulting microstructure can be seen in Figure 14, which shows the cross section of a 1mm cube, 

where the colors correspond to the grain ID, and the noise around the edges of the figure are the 

unconsolidated powder which is not part of the cube. In this figure we see the formation of large 

columnar grains, which continue across multiple layers of the print, characteristic of the LPBF process. 
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Figure 14 – Example microstructure of cross section of a 1mm cube, including the unprocessed region around the cube. Note the 
large columnar grains in the central region, and the smaller grains around the edges, with the random noise around the edges 

random noise representing unprocessed powder. 

This SPPARKS module includes a finite-difference thermal model which implements convection, 

conduction, radiation, and state specific thermal properties. However, for the purposes of this research, 

this model was simplified to the thermal model outlined in the previous section. In addition to the need 

to match the standalone thermal model, this simplification is useful here as several thousand 

microstructure simulations are needed to generate our data, so reduced computational costs are 

magnified significantly. While this may have had some impact on the calibrated relationships between 

the process parameters and the resulting microstructures produced by the SPPARKS model, it does not 

influence the kinetics of the KMC solidification model itself. As it is these relationships between the 

thermal process and the microstructure we hope to learn, this is not a primary concern for the purposes 

of this research. 

As previously mentioned, the data generation process for the surrogate microstructure model 

framework involves running an ensemble of identical simulations for each set of process parameters, 

taking advantage of the stochastic nature of the microstructure model to create variations in the 

simulated microstructures. This mirrors the outcome of the real LPBF process, where it is unlikely that 

two identically printed parts would ever have identical microstructures, though the real LPBF process has 

additional sources of randomness due to uncertainties inherent to LPBF machines. These sources of 
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randomness, such as variations in laser power and speed, and fluctuations in the ambient temperature 

and airflow within the machine are not included at any stage of this research. Incorporating these into 

future data sets may help the model to better understand the influence of small LPBF parameter 

variations on the resulting microstructures, allowing for better uncertainty quantification, but would 

likely require a new ensemble for every variation in the parameters. 

2.4.1 Voxel-by-Voxel Microstructure Statistics 

After running an ensemble of SPPARKS microstructure simulations, the simulation results must 

be post processed into voxel-by-voxel grain morphology statistics which the surrogate model can use for 

training. As mentioned when introducing our framework, this requires calculating the microstructure 

statistics for each voxel in the simulation independently, taking the statistics for each voxel across 

multiple simulations. Here we will outline this process and the resulting statistics in more detail. 

Additionally, we will discuss some of the peculiarities which arise from our method of representing 

microstructure statistics and relate them back to more conventional representations. 

While the proposed framework should be compatible with any single grain morphology metric, 

or combination thereof, this work focuses specifically on the grain size distribution. Rather than 

attempting to represent the distributions via population statistics like a mean and standard deviation, 

which would make for a relatively straightforward regression problem (though the relationships would 

likely still be quite complex), we opt to represent it as a full discretized probability distribution. In this 

case, we do so using 51 bins4, with 50 equisized bins that span from 0-400μm, and with any grains larger 

than 400 μm counted towards the 51st bin. While this representation is limited in its precision and 

cannot accurately represent probabilities beyond a certain grain size, the use of discretized probability 

distributions lets our model learn arbitrary distributions that are not well represented by just population 

statistics. Additionally, if we were to extend this representation to multiple grain morphology metrics, 

such as the grain size and aspect ratio, in the form of higher dimensional distributions5, it would be 

possible to see the probability that a voxel has both a given grain size and aspect ratio, something that 

would be harder to represent with population statistics. Likewise, such a higher dimensional 

 
4 It was not actually our intention to use 51 bins, this is a case of an off by 1 error caused by the fencepost problem 
[136], though the impact of this was seen as too negligible to be worth changing it. 
5 As opposed to multiple separate distributions. 
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representation would make it possible to represent the probabilities of all possible crystallographic 

orientations simultaneously. 

The 51 bins were chosen to match the data observed during this research as best as possible 

while keeping the data to a reasonable size, though the number was chosen out of convenience, as we 

could not find any appropriate heuristics for the number of bins to use with our specific dataset. While 

more bins could span a larger grain size range or provide better granularity, and are viable with access to 

sufficient computing hardware, the interplay between the number of bins and the number of samples in 

an ensemble must also be considered. If the grain size range covered by a single bin becomes small 

enough, the resulting distribution may appear excessively spiky if there are an insufficient number of 

simulations in each ensemble6. While it’s possible that the model may still learn the underlying 

relationships from such spiky data, we opted to keep the number of bins at 51 after observing that the 

resulting discretized distributions appeared reasonable for our data, which generally consisted of 100-

200 simulations per ensemble. 

The first step in the process of calculating the grain morphology statistics is to create an array the 

same size as the simulation mesh, but with an extra dimension containing the 51 bins in which we will 

tally our results. After this array has been filled in, we will be able to inspect any voxel and see the grain 

size distribution associated with that voxel, as predicted by all the microstructure simulations in our 

ensemble. 

In the case of a multi-objective model, or multi-valued metric like crystallographic orientation, it would 

likely be best to make it such that each voxel has an 𝑁𝑀array associated with it, where N is the number 

of bins per value and M is the number of values. This would allow for prediction of the probabilities of the 

combined metrics (e.g. the probability of a given grain size at a given aspect ratio), rather than separate 

probabilities. 

To generate these statistics from our ensemble, we start with a single microstructure simulation 

result, on which we run an image processing algorithm to find and label each grain in the microstructure 

by finding all connected voxels with the same grain ID; for this we use the label function implemented in 

 
6 We will show in sections 4.2 and 4.3 that this is less of a concern than one might expect for this model. 
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scikit-image [137]. The number of voxels in each grain is then counted, and the equivalent spherical 

diameter (ESD) of each grain is calculated using equation ( 5 ) 

 
𝐸𝑆𝐷 =  √

3

4𝜋
× 𝑉𝑣𝑜𝑥𝑒𝑙 × 𝑛voxels

3

 ( 5 ) 

where 𝑉𝑣𝑜𝑥𝑒𝑙 is the volume of each voxel (𝑉𝑣𝑜𝑥𝑒𝑙 =  125𝜇𝑚3 here), and 𝑛voxels is the number of voxels 

belonging to a given grain. Each grain diameter is then sorted into the corresponding grain size bin, as 

shown in Figure 15, and each voxel belonging to the grain has 1 added to the tally of the corresponding 

bin. This is repeated until all grains in the simulation have been accounted for, with the entire process 

repeated for each simulation in the ensemble. 
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Figure 15 – Plots showing the diameters of each grain (left) and the corresponding bin number of each grain (right) for the top 
surface of a one-layer print (top) and the cross section of a 1mm cube(bottom). 

As an aside, this way of visualizing the microstructures makes it abundantly clear that there are a 

large number of small grains entrapped within the larger grains, particularly within the 1mm cube. While 

it is not immediately clear how much of this phenomenon is an artifact of the simulation methods used 

by the SPPARKS code, this phenomenon can be observed within experimental EBSD results such as those 

by Roehling et al in Figure 16 [138]. This is not of particular interest to the research presented here, but 

has consistently drawn curiosity, so we felt it was best to note it here. 
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Figure 16 – EBSD images of LPBF microstructures by Roehling et al, which appear to show small grains entrapped in larger grains 
[138], reproduced under Creative Commons [139]. 

Unlike with the single simulation binning shown above in Figure 15, which are quite similar to a 

normal microstructure plot, the full ensemble microstructure statistics are quite different from the types 

of microstructure statistics normally used in materials science and the data itself is challenging to 

visualize. Traditionally microstructures are visualized via the same types of plots we have shown up to 

this point, where a slice of an individual microstructure can be measured and the statistics analyzed. In 

contrast, our method produces statistics for every voxel/pixel of the microstructure, in the form of a 

grain size probability distribution discretized into 51 probability values. The most straightforward way of 

visualizing this data is to pick a grain size bin of interest to plot, examples of which can be seen in Figure 

17, which shows the probability that each pixel belongs to a grain of the specified size. Here we are 

plotting the same two prints shown in Figure 15, but instead showing the probability of each voxel 

belonging to a grain of a given size.  

 

Figure 17 – Relative probabilities that each voxel belongs to a 32-40um grain on the top of a 1-layer raster scan (left), and a 240-
248um grain on the cross section of a 1mm cube (right). 
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While contiguous regions of high probability may correspond to voxels belonging to the same 

grain some of the time, this is not necessarily true. Instead, these regions tell us that grains of the 

indicated size are likely to occur in this region, without telling us specifically which voxels a given grain 

occupies. As an example, a large region could hypothetically have a 100% probability of very small grains, 

indicating that the region is always full of some unknown arrangement of many small grains. By contrast 

a relatively small region could have a 100% probability of a grain larger than the region, indicating that 

this region always has one or more grains of the indicated size completely overlapping it. While the 

magnitudes in Figure 17 are much lower than 100%, the apparent striations in these plots are similar to 

the latter situation, where columnar grains consistently form in a given direction but at slightly different 

spots, resulting in regions which are commonly overlapped by these larger grains. Because these 

striations are caused by similar grains nucleating in slightly different locations, due to the stochastic 

nature of solidification, it is expected that they will decrease in apparent magnitude as the number of 

samples in an ensemble increases. 

These emergent patterns can provide interesting insights into the microstructures created by the 

LPBF process, particularly when looking at trends as the grain size being plotted changes. For example, 

Figure 18 shows the probabilities of 64-72um, 160-168um, and 272-280um grains in the cross section of 

a 1mm cube, revealing that the outermost edges and bottom are likely to have small grains, with large 

grains in the center, and medium grains in between. It should be noted that this is only a representation 

of the microstructures predicted by SPPARKS, and that some of the increased probability of smaller 

grains near the edges is likely due in part to the random initialization of the grains in the powder bed and 

the ability for grains to nucleate from these small grains. 

     

Figure 18 – Grain size probability fields of the cross section of a 1mm cube, showing the relative probability that each voxel 
belongs to a 64-72um, 160-168um, and 272-280um grain respectively. 
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Because we are only visualizing one bin at a time, these trends sometimes appear a bit 

inconsistent due in part to the stochastic nature of the underlying microstructures resulting in noisy 

distributions. However, the consistency of some of these trends, noisy as they may be, particularly for 

the large columnar grains which extend through the majority of the cube in Figure 18, point to there 

being some consistency in the nucleation points of certain groups of columnar grains, though the 

probabilities are low enough that they are not guaranteed. It is not immediately clear if these patterns 

are reflective of reality, or if they are an unknown artifact of the SPPARKS simulations. While it might be 

possible that the consistent heating and cooling patterns at these points across all the simulations of 

each ensemble are mimicking something akin to the carefully controlled conditions used for forming 

single crystal microstructures [98,99], much larger ensembles would be needed to rule out them being 

an artifact of our limited sample size, and more investigation would be needed before anything could be 

said definitively about these patterns.  

In contrast to the splotchy and noisy patterns of the previous figures, Figure 19 shows that large 

ensembles significantly reduce the splotchiness of the statistics due to a decreased influence from the 

stochasticity of the underlying data, particularly for the simplest microstructures, such as those that 

occur with single layer prints. With this decreased stochasticity, the statistics appear to have a repetitive 

pattern that is consistent with the repetitiveness of the raster path taken by the laser, which is 

contradictory to our assumption that the proposed moving window approach will expose the model to a 

large variety of microstructure distributions. However, Figure 19 also demonstrates that the underlying 

distributions are not as repetitive as they first appear in the image-based plot. To show this, we take 

each column of the image and plot the magnitude of the probability on the left, and do the same with 

the rows on the bottom plot. While this does reveal that there are indeed patterns, the inconsistencies 

between the peaks on the left and the lack of identical lines on the bottom reveal that there are small 

changes in the microstructure distributions that are not readily apparent via the color-scale used in the 

image plots. If one considers that there are 50 other channels (i.e. bins) which we are not plotting here, 

though in this single-layer case only a few of the smallest grain bins have a non-zero probability, it is easy 

to see how these small variations might add up in a meaningful way.  
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Figure 19 – Plot showing the apparent repetitive pattern of the frequency of occurrence of 32-40μm grains on the top surface of 
a 1-layer raster scan across two thousand simulations (top right). The plot on the left shows the actual magnitude of the 

frequency for each column of the image, with each line representing a column, and the plot on the bottom shows the same but 
with rows. 

Though we use a large ensemble here to minimize the influence of the stochasticity of the 

underlying data, it is likely that some of this variation is still due to the nature of sampling a stochastic 

process with a finite number of samples. However, it is our assumption that a meaningful portion of 

these variations stem from the small changes in thermal characteristics of the solidification process that 

occur as the process progresses. Such changes are expected from the simulation domain accumulating 

heat, the melt pool getting closer and farther from the various boundaries of the simulation, and the 

complex dynamics of the LPBF process which allows for previously processed regions to influence future 

solidification behavior and future processing to influence grain growth. It is these variations in both the 

thermal characteristics and microstructure statistics, in addition to the stochastic sampling variations, 

which we hope to both capture and use to our advantage with the moving window approach proposed 

as part of our framework for the creation of the surrogate model. 

Because these spatially defined statistics are an unusual way of representing microstructure 

information, new methods for predicting material behavior directly from these statistical representations 
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may need to be developed. While we do not explore the implications of this new representation of 

microstructures as it relates to material properties in this research, it may be possible to use the 

framework developed for the creation of this surrogate model to create a model capable of predicting 

spatially defined material properties from these microstructure statistic maps. Additionally, as research 

in the field of additive manufacturing progresses, this method of representing microstructures may be 

useful for understanding the uncertainties associated with the process. 

2.4.2 A Better Way to Visualize Our Data 

Because our data is high-dimensional, the method of visualizing the data used in the previous 

figures is limited in its ability to illustrate trends in the data. To better visualize the underlying trends, a 

method which uses the 3 color channels used by electronic displays – red, green, and blue (RGB) – to 

show three probabilities simultaneously was devised, where the magnitude of each individual color 

indicates the corresponding probability. For the purposes of consistency, and clarity for those familiar 

with RGB color, the smallest grain bins being plotted will always be represented by the red channel, and 

the largest by the blue channel, with green in-between. This method allows for the visualization of three 

grain size bins simultaneously or, more usefully, the visualization of broader trends in the grain size by 

grouping relevant bins into three super-bins to visualize simultaneously. An example of this method can 

be seen in Figure 20, which shows the three-color statistics from the full ensemble using grouped bins 

which span all the relevant grain sizes, along with a 5-simulation ensemble and a single microstructure 

for comparison purposes.  

 

Figure 20 – Comparison between the cross section of a single microstructure and the equivalent statistics. Left) Statistics from an 
ensemble of 5 microstructure simulations. Center) Statistics from the full ensemble of 198 simulations. Right) Single simulated 

microstructure for comparison. 
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Figure 21 – Plots showing the probability of medium sized grains (left) and large grains (right) for the cross section of a many-
layer print, where each of the 3 base-colors (RGB) represent adjacent groupings of 3 adjacent bins each. These smaller groupings 

of bins provide a more detailed look at the variation present across the part; however, for the purposes of simplicity, we do not 
explore such representations in this work. 

For the purposes of visualizing the results of this work, we primarily use three equisized bins that 

collectively span all bins from the smallest up to the largest grain size bin which had an average 

probability greater than 0.5% across all voxels in the printed object. This method was chosen to capture 

the positively skewed nature of the distributions that was generally observed across our data while 

minimizing the influence of long low-probability tails on our visualizations. However, it was found that on 

occasion this would result in erroneous visualizations, particularly when visualizing inaccurate model 

predictions alongside equivalent ensemble-based data. In these cases, it is necessary to create a 2nd 

visualization which covers the first 99.5% of cases on average. When making comparisons between 

model predictions and target data, we find that this cutoff approach does a particularly good job of 

highlighting discrepancies in the data. An example of such a case where this is useful can be seen in 

Figure 22, where an erroneous cutoff determined using the model’s prediction (not shown) results in a 

large region where all three bins have close to 0% probability, which is remedied with subsequent re-

calculation of the cutoff point. 
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Figure 22 – Three color plot of the grain size probabilities for an ensemble of SPPARKS simulations, before (left) and after (right) 
adjusting the cutoff point to be 176μm larger using the 99.5th percentile. 

Because these plots have 3 color values encoded into every pixel, a standard color-bar is not a 

sufficient scale for interpreting these plots. Instead, the color wheel in Figure 23 was designed to better 

show the complex relationships between the colors and values, though it is not possible to show all color 

combinations in a useful manner on a 2D plot. The color wheel is a combination of three plots, each 

representing the magnitude of one of the three color-channels, where the smallest bin corresponds to 

red, the 2nd to green, and the 3rd to blue.  

 

Figure 23 – Color wheel for reading statistics from tri-bin plot, where the 3-value labels indicate the probability associated with 
each of the three bins, along with a diagram indicating reference points on the color wheel. 
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This color-wheel can be thought of as 3 separate plots added together, with each showing a 

different base color, as illustrated in Figure 24. Here we can see that the maximum value of each 

individual color occurs midway along the corresponding spoke for each color, and represents a 

probability of 100% for the bin being represented. Between these midway marks and the outside edge of 

the color wheel, these spokes are purely the one corresponding color, at values between 0 and 1, 

representing that only the corresponding bin has a non-zero probability.  

 

Figure 24 – Red component of the colorwheel. 

Outside the circle which represents the midway mark, the value of each color decreases 

circumferentially from the corresponding spoke, where the value on the spoke at the equivalent radius is 

the maximum, and the value is always zero by the next spoke. For example, moving circumferentially 

away from a spoke along the outer edge will always be zero as that is the maximum, and moving 

circumferentially along the midway circle fades from the maximum of 1 at the spoke down to 0 at the 

next spoke. 

Inside the circle which represents the midway mark, the value of each color has a gradient along 

the direction of the corresponding spoke, with values matching the circumferential gradient along the 

midway circle which we just discussed. This gradient decreases to a value of 0.33 or 33% at the center, 

and fades to zero before reaching the midway circle on the other side of the center mark.  

When combined, these add up to the color wheel presented in Figure 23, with the inner circle 

(within the midway circle) representing the combination of all 3 bins having a non-zero probability, and 
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the outer ring (between the midway circle and the outer edge) representing both single bins and 

combinations of 2 bins having non-zero probabilities. As previously mentioned, there is no viable way of 

representing all possible combinations in a way that can be neatly interpreted, so this does not represent 

all possible combinations of the 3 probabilities, but should represent the majority that are relevant as 

probabilities must sum to 1. Additionally, while the color wheel is sparsely labeled, making it almost 

impossible to pinpoint an exact value, the corresponding RGB plots are intended for use in visualizing 

trends more than for examining the data in detail. 

2.5 Framework Final Words 

Now that we have detailed the framework designed to create the model, including the flow of 

data, the form the data takes, the simulations used to create the data, and the post processing needed 

to create the data from the simulations, as well as how we can visualize the data in a human readable 

manner, we can move on to the details of the surrogate model and the process used to create it. 
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Chapter 3 The Surrogate Model 

3.1 Introduction 

Now that we have established the tools and framework necessary for our surrogate 

microstructure model, we can explore the creation of the surrogate model itself. First, we will detail the 

architecture of the model, which was implemented using the PyTorch machine learning library in Python, 

along with the training process and the dataset selected to train it. After detailing these, we will explore 

the meaning of the metric used to measure our model’s accuracy as it relates to our data. Finally, we will 

show how the architecture we based our model on, which was originally created for image classification, 

was tuned to better achieve our goal of a fast and accurate surrogate microstructure model. 

3.2 Model Architecture 

Here we will introduce the machine learning architecture selected for use in our surrogate 

model, and outline the major modifications needed to adapt it to our problem. Because the goal of this 

research is to find a way to replace conventional microstructure simulations, rather than to develop a 

new machine learning algorithm, many of these changes are not analyzed in detail. Instead, many of the 

changes were made on an as-needed basis for the purposes of creating a functional model, and the final 

resulting model was analyzed in detail in the remaining chapters.  

As discussed in Section 2.2, the inspiration for the design of our surrogate model was image 

classification machine learning models, due to the form the data takes and the spatial relationships of 

the microstructure formation and LPBF processes. This left us with many architectures on which we 

could base our model, as there are a variety of image classification architectures which have been shown 

to perform well, though largely ruled out all machine learning models that are not neural networks. At 

the time of making this decision, the accuracy of state-of-the-art image classification networks had 

recently improved dramatically with the advent of the Vision Transformer (ViT) [140], and iterations on it 

such as the Swin Transformer [141]. The success of the techniques used in the ViT architecture had also 

inspired machine learning researchers to revisit other image classification architectures such as 

convolutional neural networks, with ConvNeXt [114], and multi-layer perceptrons, with MLP mixer [115]. 

While other options were available, these three architectures were the first considered as potential 

foundations on which we could build our surrogate model, due to their state-of-the-art accuracies. 
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While all three architectures achieve high accuracies for image classification tasks, this accuracy 

does not necessarily translate to our microstructure surrogate modeling task, and it is not obvious which 

will perform best. Transformer based architectures are generally slower than alternatives, making them a 

less desirable option, as speed is one of the primary objectives for our model. Additionally, while all 

neural networks can benefit from larger training datasets, transformer-based models often require more 

data to train than their counterparts, a drawback which could be hard to overcome given the 

computational costs of our data generation process. After ruling out transformer-based architectures for 

these reasons, the distinction between the ConvNeXt and the MLP Mixer architectures in their potential 

application to the surrogate modeling problem was less clear. Ultimately the ConvNeXt architecture was 

chosen because convolutions have a clearer relationship with spatial data, though it is not necessarily 

faster than MLP Mixers.  

The ConvNeXt architecture consists of 4 stages, as illustrated in Figure 25, with each stage 

containing a down-sample convolution layer – reducing the size of the image while increasing the 

number of channels – and a variable number of the primary building blocks. Each of these blocks 

contains a convolution layer, two linear layers with an activation function in-between, and a layer-norm. 

For the purposes of our surrogate modeling problem, this architecture was not a plug-and-play solution 

and needed to be adapted to this use case with the changes discussed and illustrated below.  
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Figure 25 –Network diagrams showing original ConvNeXt architecture (left), and the surrogate model architecture (right). Where 
N indicates how many blocks occur in each stage of the model. 

The most apparent difference between the ConvNeXt architecture and the neural network used 

in our surrogate model is that the ConvNeXt is designed for use with 2D images with 3 color-channels, 

whereas our surrogate model must work with 3D arrays with 9 thermal data channels. Most of the 
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changes required for this have limited impact on the architecture, requiring only the change of a few 

numbers and changing 2D convolutions to 3D convolutions. The one significant difference created by this 

is that the dimensions of the input array need to be much smaller than those of images, due to our 3D 

inputs scaling in size cubically instead of quadratically. This decrease in the dimensions of the input array 

in turn necessitated the removal of 3 of the 4 down-sampling layers, as the patch based down sampling 

would reduce the data to a single dimension after just 2 down-samples. This would have effectively 

removed any spatial information available to the last 3 blocks of the neural network. As the LPBF process 

is spatially complex, this was undesirable, so the remaining down-sample convolutions were modified to 

only alter the number of channels, keeping the spatial dimensions created by the first down-sample 

throughout the rest of the network. 

Because we are trying to make predictions about a single voxel at a time, the dimensions of the 

input cube were made odd, so that the voxel of interest could be centered, to avoid directional bias. 

Additionally, because all 3 of the state-of-the-art architectures mentioned rely on “patchifying” – down-

sampling the input using non-overlapping equisized patches and encoding them across the channels – to 

achieve their performance, it was necessary for the dimensions of the input to not be prime so that this 

could be maintained in our model. In order to maximize the speed of the model, and aware that the 

moving window approach results in overlaps where the data must be loaded and used for computations 

multiple times, including duplicate calculations, it was desirable to keep this window as small as possible 

while achieving reasonable model accuracy. Initial versions of the model used a cube 15 voxel (75μm) 

across successfully; however, the accuracy of the model began to drop as larger simulations with larger 

maximum grain sizes were incorporated into the data, indicating that more context was needed for 

accurate predictions. As a result, the input window was increased to 25 voxels (125μm) across, which 

resulted in higher accuracy for these cases and did not meaningfully slow the model. 

While accommodating the dimensions of the data is the most obviously necessary change, one 

of the most significant changes is the removal of the layer normalizations. This was done because initial 

iterations of the model struggled to learn consistently until the layer normalizations were disabled. It is 

not known exactly why this improved the model’s performance, as normalization layers are generally 

considered to improve the training rate and generalization of neural networks [142,143]. One possible 

explanation is that the relationships between the microstructure distributions and thermal 
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characteristics are strongly dependent on the varying magnitudes of the individual thermal characteristic 

channels in a way that is impeded by contextually scaling them. However, no literature could be found 

which indicated that this was generally true for regression-based neural networks.  

The head – the last block of layers, responsible for distilling the outputs of the model – was 

modified to use channel-by-channel pooling (averaging) instead of global average pooling, and a softplus 

function was added after the linear layer to ensure positive valued outputs, which were then normalized 

to sum to one, for a proper probability distribution. While other functions, such as softmax, accomplish 

the same thing in fewer steps, this was the first combination which was found to work and no reason to 

revisit it arose. 

Another notable change made was the addition of dropout regularization – which randomly 

zeros out a portion of the values during each step of training – to the linear layers of the model. This is 

equivalent to removing the corresponding nodes, resulting in what is effectively a slightly different 

neural network being trained with each training step. While dropout has generally been shown to 

improve accuracy and prevent overfitting to training data [144], it was further hoped that the quasi-

ensemble of neural networks which dropout creates during training would be more capable of learning 

from the stochastic microstructure data. Conversely, layer dropout, which randomly removes layers from 

the model and is included in the original ConvNeXt architecture, was not used because the original 

ConvNeXt code used for reference has it disabled by default and the model performed well without it. 

3.3 Training Dataset  

To train the surrogate model, a dataset was generated by simulating the LPBF process for 28 

cases, with each case having a unique combination of process parameters and part dimensions. The 

process parameters which were varied most often between cases were the laser power and velocity, the 

combinations of which are plotted in Figure 26. When selecting the process parameters to use, the 

decision was made to focus primarily on the powers and velocities in the vicinity of those used for 

calibrating the thermal model on which ours was based, resulting in most of the data only covering a 

very small portion of the process maps proposed in other LPBF research. This is because, while the 

ultimate goal is to have a broadly applicable surrogate model, the computational cost of generating each 

dataset is high and the work presented here is still exploratory in nature.  
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Figure 26 – Plot of the powers and velocities used for training data generation, other parameters such as the hatch spacing and 
layer thickness were varied independently. 

In addition to the power and velocity, several geometry-based parameters were varied during 

the data creation process. These include the dimensions of the part being printed, as well as the layer 

thickness and hatch spacing, along with the dimensions of the simulation domain. The layer thickness 

and hatch spacing are obvious choices to vary, as they have a direct impact on the thermal history of the 

parts even when the part geometry remains the same. The part dimensions, which were on the order of 

1mm, were varied in all three dimensions to reflect some of the diversity in part geometry that the 

model might encounter in practical applications, though all simulated LPBF prints were either 

rectangular or square profiles. While 1mm is quite small in comparison to the scale of typical printed 

parts, the scale is on the same order of magnitude as the simulations used when validating the SPPARKS 

model, and is large enough to capture all but the tallest grains from the original paper [93]. Additionally, 

while parts are generally much larger than this, some scan patterns such as islanding [49], and some 

geometric structures such as lattices [145], contain features that are similar in scale. The rectangular 

profiles of the parts were aligned with the simulation domain axes, and printed using a raster scanning 

pattern like those shown in Figure 4 of Section 1.2, with the laser turned off for turns. While the overall 

geometry was kept rectilinear, the direction of the laser scan path was rotated by 67° between each 

layer of most prints, though two cases using a 45° and a 90° rotation were also included, resulting in a 
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variety of thermal gradient, solidification, and grain growth directions. Contour passes – passes of the 

laser along the exterior edges of the part, which are commonly used to control the surface finish – were 

not included for any cases. 

While it is standard practice in the field of modeling and simulation to vary the size of simulation 

domains in accordance with the size of the process being modeled, we also varied the width of the 

buffer zone between the edges of the scan path for the part and the boundaries of the simulation 

domain. This variation in the distances between the edge and bottom surfaces of the part to the 

boundaries of the simulation domain results in slight differences in the solidification processes increasing 

the diversity of the training data. While these changes to the buffer zone are not representative of 

specific changes to real world LPBF process parameters, as these boundary conditions are non-physical 

and real build volumes are typically much larger, every change in the process parameters will result in 

same variation in the distance between the edges of the melt pool and the simulation boundaries. By 

intentionally varying this, we expose the surrogate model to a broader range of the possible 

relationships that might occur during the LPBF process optimization process. Additionally, even though 

the non-physical nature of these changes could break the model’s calibration, resulting in simulated 

thermal processes that are not accurate to the real process, the relationships between the resulting 

microstructure and thermal characteristics would still be valid. While the exact conditions such data 

captures may be unlikely to occur during real-world printing, learning from data that falls outside 

expected ranges may improve the model’s accuracy within expected ranges. 

Though there are many other process parameters which can be controlled, including the laser 

beam width, laser beam shape, and ambient temperature, the decision was made not to vary these 

parameters. The ambient temperature, which controls the initial temperature for all layers and the 

constant temperature boundary condition at the bottom of the simulation, was held constant at 300K for 

all cases in the dataset. Additionally, all cases used a laser beam diameter of 50μm with a rotationally 

symmetric Gaussian power distribution, where the beam width is defined as four times the deviation of 

the Gaussian. These parameters were chosen to be consistent with the calibrated thermal model on 

which ours is based, and are representative of a reasonable use case. While varying these process 

parameters would have created more variety in the data set, and been more representative of real-world 

process design, the laser power and velocity are generally considered the most influential process 
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parameters, and the beam width and shape are not controllable on all LPBF machines. Additionally, 

further increasing the dimensionality of the process parameter space would significantly increase the 

number of cases needed for equivalent coverage. For these reasons, and given that this work is 

exploratory in nature, it was deemed reasonable to exclude these and other process parameters from 

consideration in this study. 

The cases in the initial dataset used powers and velocities selected via grid sampling, centered 

around a reference case of a 100-Watt laser moving at 1 meter per second, and all used a single-layer 

rectangular print with identical dimensions and simulation domains. These initial simulations were used 

when developing the model architecture, on the basis that simulating single layer cases is much less 

computationally expensive than simulating many-layer parts, allowing for a more diverse dataset to be 

created for initial feasibility tests. While this provided a diverse group of test cases in terms of process 

parameters, larger multi-layer prints provide more diversified training data due to the complexity of the 

process and the increased number of voxels on which to train. For this reason, and the fact that many-

layer prints are much more representative of real-world use cases, multi-layer prints are better choices 

for creating training data.  

To better diversify subsequent training data, we used a Gaussian process based Bayesian 

optimization method for experimental design to select process parameters and dimensions based on the 

microstructures of existing data. Because we wished to vary both the thermal characteristics and 

microstructure statistics in our training data, the optimization objective was finding the LPBF parameters 

which maximized the distance of the resulting grain size distribution from those created by the reference 

100W-1m/s case. To increase the diversity of the resulting cases, the optimization algorithm was 

configured to slightly prioritize exploration of the parameter space over optimization. The result was a 

semi-random assortment of process parameters combinations to add to the training set, which we 

hoped would provide sufficient variations in both the microstructures and thermal characteristics for the 

model to learn the underlying relationships. Finally, a variety of parameter combinations were manually 

selected for use as test cases, for testing the predictive power of the surrogate model in a variety of 

scenarios. Though these test cases were selected for testing the surrogate model on cases for which it 

was not trained, presented in Section 4.5, they were included in the training data for the majority of the 

model analyses presented in this work due to the high computational cost of data generation. 
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For the purposes of referencing the cases in the dataset throughout this document, we will use 

the names listed in Table 3. These names are simplified representations of the process parameters, 

where the number after P is the power in Watts, the number after V is the velocity in centimeters per 

second, the number after LH is the layer thickness in 5μm voxels, the number after H is the hatch spacing 

in μm, the number after R is the rotation of the laser scan direction between layers in degrees. For all 

cases, the names are simplified down to just the process parameters that differentiate them, with the 

exception of the only 2 cases with different angles of rotation of the scan direction between layers. For 

cases that are not differentiated by these 5 parameters alone, we have appended a case number to the 

end. For a complete accounting of all process and geometric parameters used for these cases, refer to 

Appendix A. In total, the resulting dataset consists of just over 77 million voxels of grain size 

distributions, and their corresponding thermal characteristics.  

Table 3 – List of cases in the full training dataset, with summarized process parameters.  

Name 
Power 

(W) 
Velocity 
(mm/s) 

Hatch Spacing 
(μm) 

Layer Height 
(μm) 

Rotation 
(deg) 

P90V95 90 95 50 N/A N/A 

P90V105 90 105 50 N/A N/A 

P100V90 100 90 50 N/A N/A 

P100V100Case1 100 100 50 N/A N/A 

P100V100Case2 100 100 50 N/A N/A 

P95V95 95 95 50 N/A N/A 

P105V90 105 90 50 N/A N/A 

P105V95 105 95 50 N/A N/A 

P105V105 105 105 50 N/A N/A 

P124V109 124 109 65 N/A N/A 

P124V109LH20 124 109 65 20 67 

P75V120 75 120 25 15 67 

P90V110 90 110 50 25 67 

P250V75 250 75 110 40 67 

P200V70 200 70 100 40 67 

P100V100LH15Case1 100 100 50 15 67 

P100V100LH15Case2 100 100 50 15 67 

P95V97.5 95 97.5 50 N/A N/A 
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Name 
Power 

(W) 
Velocity 
(mm/s) 

Hatch Spacing 
(μm) 

Layer Height 
(μm) 

Rotation 
(deg) 

P102.5V92.5 102.5 92.5 50 N/A N/A 

P130V110 130 110 50 20 67 

P135V112 135 112 50 20 67 

P140V115 140 115 50 20 67 

P100V100H45 100 100 45 N/A N/A 

P100V100H40 100 100 40 N/A N/A 

P225V72.5 225 72.5 105 35 67 

P90V110R45 90 110 50 25 45 

P76V104R90 76 104 50 25 90 

P80V130 80 130 25 15 67 

 

When generating the microstructure data for these LPBF parameter sets, the number of 

microstructure simulations in each ensemble ranged from 100 to 270 simulations, with the majority 

around 200. The exact number of simulations in each ensemble was varied so that the probabilities 

would not all be quantized multiples of 0.5 or 1%, exposing the model to a better representation of 

“real” probability distributions. This was done through both intentional variation of the ensemble size 

and in a more random fashion by not re-running simulations if a small number failed due to hardware 

issues with the cluster on which they were run.  

In order to take full advantage of the expensive simulations used to create our training data, the 

multi-layer prints were treated as multiple distinct datasets by saving the simulations after each layer 

had been completed. Because the laser can re-melt lower layers or heat them enough for solid-state 

grain growth, and because some grains continue to grow through the new layers, the thermal 

characteristics and microstructure statistics for the lower layers continue to change as more layers are 

added. This means, for example, that a 30-layer print has 30 unique datasets associated with it, with 

each containing more, and more varied, data than the last. However, when this was first introduced, we 

found that the model struggled to learn as well as it had with just the final datasets. It was reasoned that 

this was due to the influence of the laser on the thermal characteristics of lower layers not being 

sufficiently large for the model to distinguish between intermediate layers given the limited context 

window of the input. As a result, the decision was made to limit the training datasets to only the first few 
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layers of the print, along with the full-sized print. The lower layers can be included because these 

primarily contain intermediate and small grain sizes that do not continue growing as more layers are 

added, and the context window is sufficiently large to capture the variable number of layers when there 

are only a few. With the full-size, final-layer data the large columnar grains are of a constant size and 

there is no need for the model to know the total number of layers when making predictions about the 

intermediate layers. While this may have artificial impacts on the model, and the relationships we are 

asking it to learn, the majority of the multi-layer prints were configured to be similar heights of about 

1000μm to keep the model from associating specific thermal characteristics with specific heights of 

columnar grains as determined by the height of the print. It may be possible to minimize these 

limitations by increasing the size of the context window or by adding more thermal characteristics 

representing the time spent above lower temperatures, which may be indicative of grain growth 

occurring in subsequent layers not revealed by the context window. 

Because the data used to train the model presented here covers a limited portion of the 

parameter space and does not cover the variety in part geometries expected in practice, future iterations 

of the model would need a larger and more diverse dataset for use in practical applications.  

3.4 Data Regularization and Augmentation 

As discussed in Chapter 1, it is common practice to apply regularization and augmentation 

techniques to the data used to train machine learning models, to help models better learn the desired 

relationships without overfitting to the training data. Because our surrogate model is still an exploratory 

effort, it was not evident which, if any, of the many common regularization and augmentation 

techniques would be applicable to our problem. Instead, we once again leveraged our knowledge of the 

process, along with the form of the data, to inform our choice of data augmentation. First, we will 

discuss the augmentation applied to the thermal data used as inputs during the training process, then 

those applied to the microstructure statistics used as training targets. 

While our 3D thermal data was chosen because the growth of microstructures during 

solidification processes is highly dependent on the thermal gradient and the solidification behavior of 

nearby material, no outside directional spatial influences – such as gravity or magnetic fields [146,147] – 

are included in the SPPARKS simulations we use to create our data. Because of this, it was reasoned that 
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any possible orientation of the thermal data would be representative of a valid solidification process and 

would not be missing any information not captured by the thermal channels. Though LPBF printing 

upside-down seems highly unlikely to occur in practice, it was decided to incorporate these orientations 

into the model training process in the hope that it helps the model better learn the true influence of the 

spatial relationships in the thermal characteristics on the microstructure statistics. In theory, this should 

also eliminate any biases created by the consistent orientations of the scan paths across the many LPBF 

simulation datasets. As our moving context window is a cube, there are 48 possible orientations [148], 

created by rotating and flipping the cube, which we can sample from randomly and use to transform the 

data in our context window as we load it for training our model. 

While these transformations are generally straightforward for most of the thermal characteristics 

because they are scalars, the thermal gradients require special treatment due to being vector 

components. This is because, in order for the gradient components to have a consistent meaning, the 

positive and negative values of each component must refer to consistent directions, something which is 

not maintained with a naïve rotation. To illustrate this problem, consider a 90-degree rotation around 

the z-axis as depicted in Figure 27, after which the initially positive x-component should now be pointing 

in the global negative y-direction, and the positive y-component in the global positive x-direction, as 

illustrated by the blue arrow. Because the rotation only affects the location of these gradient vectors, a 

naïve rotation will give the correct location of the thermal gradient, but the incorrect global direction as 

illustrated by the red arrow. 

 

Figure 27 – Illustration depicting the rotation of the thermal gradients around the z-axis. The blue vector illustrates how the 
correct rotation changes the sign and magnitude of the components of the gradient with respect to the global axes. The red 

arrow depicts the incorrect global direction of the thermal gradient achieved with a naive rotation. 
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To account for this, the data-loader modifies and swaps the gradient components with each 

rotation and flip of the thermal data in accordance with these rules: 

• If Flipping:  
1st. Flip the tensor. 
2nd. Swap the sign of the gradient component that is normal to the plane of the flip. 

• If Rotating:  
1st. Rotate the tensor. 
2nd. Swap the directional thermal gradient components according to the following rules, as 

depicted in Figure 28. 
i. The gradient component along the axis of rotation does not change. 

ii. The remaining two gradient components swap. 
iii. If the positive direction of a gradient component has been rotated to align with 

the negative direction of one of the global (original) axes, then use the negative 
of that component during the swap. 

 

Figure 28 – Illustration of the rules applied to the thermal gradients during when rotated. The global axes depict the plane on 
which the rotation occurs and the directions of the global axes. The axes within the boxes depict the initial positive directions of 

these axes, and the orientation of these axes after their corresponding rotations, but before corrections. The equalities depict the 
swaps which need to be made after the tensor has been rotated, where the left side of the equality is the global axis, and the 

right is the data which needs to be moved to that axis. 

Additionally, each thermal characteristic was divided by a constant normalizing factor to make 

the many different measures have similar maximum magnitudes on the order of 1. In contrast to the 

normalizations frequently applied during machine learning, this scaling does not attempt to scale the 

data to a specific distribution or shift the mean to zero, and is not done using learned parameters. 
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Instead, these normalizing factors were selected by manually inspecting the data rather than leaving 

them as a variable for the model to learn. This is done because the 9 thermal characteristics vary in 

magnitude significantly, which if left uncorrected, could cause instabilities when training the model due 

to the disparities in magnitudes both between the channels and with the model weights and target 

probabilities.  

While it is common to apply other regularization techniques such as random noise to the inputs 

of image classification models [149,150], the decision was made not to use any here because unlike 

image data, our thermal data is not inherently noisy and is representative of the exact thermal history 

used by the microstructure simulations. As a result, any deviation from the computed thermal 

characteristics could negatively impact the ability of our model to learn the relationships by representing 

a slightly different solidification process. 

In contrast to the exact thermal data, and unlike in image classification problems where there is 

a single correct answer, the target microstructure distributions are stochastic samples of the true 

distributions, and thus are not the exact correct distribution. We can leverage this inaccuracy in our data, 

to help avoid potential pitfalls that can occur while creating data-driven models, by resampling the target 

microstructures during the model training process, in effect adding noise. While this process, called 

bootstrapping, is generally useful for analyzing statistics sampled from a population, here the random 

variation should help prevent overfitting of our model, which would be problematic from both a 

generalization and accuracy perspective. In theory, this helps prevent overfitting by ensuring that the 

same samples are not observed multiple times during training, and that any correlations between 

neighboring voxels which are caused by outliers are minimized. In general, exactly reproducing non-

deterministic datapoints used to train a machine learning model means that the model is overfit, and 

may have unpredictable behavior for new data, making this an undesirable characteristic. Additionally, 

because the microstructure statistics used for target distributions are themselves samples of the true 

underlying distribution, learning to exactly reproduce these distributions would inherently limit the 

accuracy of the model to that of the ensembles used in the training data, while appearing to have 

perfect accuracy.  

While the sampling process is designed to create deviations from the data produced by the 

microstructure ensembles, those ensembles are the closest representation of the ground truth we have, 
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so the sampling process was made to use a large number of samples to avoid introducing new outliers. 

Additionally, this data resampling was only given a 50% chance of happening on any given distribution 

fed to the model for training. An additional small amount of noise was also added to each microstructure 

distribution so that the bins with zero probabilities would be a very small non-zero number, but the non-

zero probabilities would not be affected. Because all the microstructures in the training data have 

distributions containing zero-probability bins, this was done in the hope that it would prevent these 

zero-valued bins from negatively influencing the model. However, the magnitude of this noise was very 

small, and no studies were performed to determine if this had any influence on the training outcome. 

3.5 Model Training 

Overall, we found that the surrogate model was very easy to train to our desired levels of 

accuracy, and very few changes to the training techniques presented in the ConvNeXt paper [114] were 

needed. For example, the model weights were randomly initialized using a truncated normal 

distribution, with bounds of [-2,2] and a standard deviation of 0.02, and the biases were initialized to 

zero, which is identical to the initialization used for ConvNeXt. As a result of this ease, and because the 

primary focus of this work is not on fine-tuning a new neural network architecture, very little 

experimentation of the training hyperparameters was performed, except for with the test-train split 

presented later in this section. 

To train the model, we used the AdamW optimization algorithm [151,152] with a variable 

learning rate, adjusted every batch using the cosine annealing with warm restarts scheduler in PyTorch 

[153]. This learning rate scheduler decreases the learning rate in a sinusoidal fashion, before resetting to 

the initial learning rate after a controllable number of epochs. However, we found that the model 

consistently converged before the learning rate was reset, so we set the learning rate scheduler to reset 

after 4 epochs and trained the model for 4 epochs. The maximum learning rate used was 0.001, and the 

minimum 0.5E-5, along with the AdamW weight decay of 0.01. The model was trained on batches of 

both 128 and 256 samples at a time, with no obvious difference found in the accuracy of the resulting 

models. As such, the majority of the results presented in this work use models trained on 256 sample 

batches.  
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To measure the model’s accuracy, and inform the training process, the mean squared error 

(MSE), Equation ( 6 ), was used as a loss function to calculate how far the model’s predictions are from 

the target microstructure statistics in the training data. 

 
MSE =

1

𝑛
∑(𝑌𝑖 − 𝑌̂𝑖)

2
𝑛

𝑖=1

 ( 6 ) 

𝑌𝑖  is the distribution being tested, 𝑌̂𝑖  is the ground truth distribution against which we are testing, and 𝑛 

is the number of bins used to discretize our distributions. 

The MSE is a common metric for measuring the accuracy of multi-value regression machine 

learning models, primarily because it has nice mathematical properties. While it is mathematically 

elegant, the mean squared error does not capture discrepancies in the population statistics, such as the 

mean diameter, in a way that might be meaningful to users of the model. To try to better capture these 

discrepancies, alternatives to the MSE such as the Wasserstein metric (also called the earth movers 

distance (EMD)) were considered, but initial versions of the model failed to learn using these metrics. In 

light of this, the statistical experiments in Section 3.6 were carried out, to help us better understand the 

meaning of the MSE with respect to our data. The results of this analysis provide us with target ranges 

for our MSE which indicate that the model is performing well. With this information, it was not 

necessary to revisit our choice of loss function for the purposes of ensuring the model’s accuracy. While 

this information makes the MSE useful for understanding the model’s accuracy, it does not address the 

MSEs lack of representation of discrepancies in the population statistics. Despite this, we have chosen to 

use the MSE throughout this document for the purposes of consistency, though other metrics such as 

the EMD can easily be used for analysis of or optimization with already-trained surrogate models.  

One of the few training hyperparameters which was varied and tested was the test-train data 

split, or the percentage of the total dataset which was used for training. We experimented with this 

hyperparameter not to improve our model, but instead to better understand the implications of our 

moving window approach for the testing accuracy of our model. While using higher proportions of the 

dataset for training the model is generally preferred, as the more examples the model has to train on the 

better it can learn, the fewer datapoints left for testing, the higher the likelihood of the testing set not 

being a representative sample. This risk is somewhat diminished for very large datasets, but the moving 

window approach we use, which results in overlapping data, combined with the spatial correlations of 
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microstructures, mean that there is a strong correlation between datapoints in our dataset. As a result, it 

was not known if our testing dataset was too correlated with our training dataset to give an accurate 

representation of the model’s accuracy. To test this, we started at our standard 9:1 train test split, and 

trained models on decreasing proportions of the full dataset. The results of this test can be seen in 

Figure 29, which shows that there are no substantial decreases in the model’s accuracy until less than 

65% of the data was used for training. This represents a substantial decrease in the amount of data for 

the model to train on, which can significantly limit the accuracy of any neural network. As a result, and 

due to the results presented throughout the rest of this work, we do not believe that our 9:1 test train 

split is resulting in inaccurate accuracy measurements or overfitting of the model to the data. 

 

Figure 29 – Plot of the model's MSE against test data vs the percentage of the full dataset used for training the model. 

Due to the unusual structure of our datasets, it was necessary to implement a unique data 

handling infrastructure for training the model. This is because, unlike with many machine learning 

models, the individual samples in the training set come not from many small files which can be loaded 

on the fly, but instead from sampling a small number of very large files tens of millions of times. To 

prevent unnecessary overhead from loading these files multiple times with every batch, the files were all 

pre-loaded to memory. However, PyTorch’s default implementation of parallel data-loading using Python 

multiprocessing resulted in the dataset expanding to several terabytes in memory, as it needed to be 

duplicated for each worker process. This was ultimately solved by using the experimental PyTorch 
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TensorDict library, which does not load the files to memory, but instead uses memory mapped files 

stored on mass storage. These memory mapped files can then be accessed with minimal latency, without 

loading the full file, and can be shared between PyTorch’s worker processes. While this method has 

increased latency over loading the files to memory, it allowed us to train the model with a relatively 

small memory footprint, faster than would have been possible loading data from the original files on the 

fly. 

3.6 Understanding The Mean Squared Error 

The mean squared error we are using is well understood in a mathematical sense, and a 

common choice of loss function for training machine learning models. However, it is not intuitive how 

the MSE relates to the accuracy of the grain size distributions our model predicts, for a variety of 

reasons. Here we discuss these reasons, then discuss how we used Monte Carlo sampling to better 

understand how to interpret the accuracy of our model as measured by the MSE. 

The first reason for this opaqueness of the MSE is that, while a lower MSE always corresponds to 

a predicted distribution that is closer to the target distribution, our target distributions are themselves 

stochastically sampled from the underlying ground truth in the form of SPPARKS ensembles. Because of 

this, we know that our target distributions are themselves noisy, so exactly reproducing them with an 

MSE of zero would indicate that we have encoded the noise specific to our samples into any 

relationships the model has learned. This would be overfitting, and would likely mean that our model 

has not actually learned the physical relationships we hoped it would. While it is unlikely that our neural 

network would learn to exactly reproduce our data, partly because of finite training time and the huge 

number of parameters and datapoints, and partly because of the data augmentation used during 

training, this stochasticity means that we cannot simply aim for the lowest MSE possible and must 

determine what MSE corresponds to a reasonable accuracy. 

The second reason is that the MSE is representative of the average accuracy of each bin of our 

predicted distributions but does not provide information about where in the distribution any 

discrepancies occur. For this reason, the MSE does not provide direct insight into the accuracy of the 

population statistics such as the mean and standard deviation of the grain size, or the impact that any 
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outliers might have1. Because the mean grain size has known relationships with physical properties [61], 

the accuracy of such statistics would likely be more important than the MSE to anyone using the model 

for LPBF process optimization. While there is no way to measure this directly using the MSE, we can be 

reasonably confident that a sufficiently accurate distribution, as measured by the MSE, will have 

accurate population statistics, but must determine what the corresponding MSE is.  

With these limitations on the MSE in mind, our target MSE must be one which indicates both a 

sufficiently high accuracy for our population statistics to be the same, and a sufficiently low accuracy to 

indicate that the model is not overfitting to the stochastic data. To determine this target, we take 

advantage of the stochasticity of our data and perform a Monte Carlo sampling based statistical 

experiment as described below. 

3.6.1 Method 

Because our data is produced by ensembles of SPPARKS simulations, making it a representative 

sampling of the underlying ground truth, it is possible to create new distributions which represent the 

same ground truth by creating a new ensemble of data. Additionally, because both of these distributions 

represent the same ground truth, it can be argued that any discrepancies in the population statistics of 

these distributions are reasonable. Furthermore, because it is not possible to be more accurate than the 

ground truth, the lowest possible MSE value our model could have is the same as the MSE between the 

ground truth and our target distribution. However, because it is unreasonable to expect our model to 

perfectly predict the ground truth by learning from our noisy data, a more realistic target would be to 

predict a distribution which is representative of the ground truth. In this case, the expected MSE would 

be the same as that between two distributions sampled from the same ground truth. As such, we can 

say that an ideal target MSE value for our model is the same as the average MSE between distributions 

sampled from the same ground truth, and that on average it should never be lower than the average 

MSE between sampled distributions and their ground truths. 

To determine these values, a computational experiment which calculates statistics by repeatedly 

sampling a ground truth and comparing the samples, as depicted in Figure 30, was carried out. As 

 
1 While a large discrepancy in any single bin would be reflected in the MSE, a small discrepancy in the probability of 
a bin that is far from the expected distribution, in terms of grain diameter, would appear identically to the same 
discrepancy occurring in a bin much closer to the bulk of the expected distribution. 
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described above, two distributions are sampled from the ground truth, then the MSE between them and 

each other, and them and the ground truth, is calculated and recorded. Because of the high 

computational cost of our SPPARKS ensembles, we do not actually run a new ensemble to get each 

distribution, but instead create a very large ensemble, representative of the ground truth, to sample 

from. Furthermore, to ensure the maximum variety in the distributions being sampled, we perform this 

experiment on each voxel of the part simulated in the ensemble. However, because of the high 

computational cost of the SPPARKS simulations, generating our ensemble with a large simulation and 

generating multiple large ensembles were not practical, so all distributions come from a single small 

print with a single set of LPBF process parameters. 

 

Figure 30 – Flowchart depicting the experimental procedure. We start with a distribution obtained from an ensemble, which we 
will call our ground truth. We then sample two distributions from the ground truth and calculate the MSE between all 3 pairings. 

We then repeat this process for the distribution corresponding to all voxels in the case. 

3.6.2 Results 

A plot summarizing the results of this numerical experiment can be seen in Figure 31, which 

shows a box and whisker plot of the mean squared error between the sampled distribution and the 

ground truth as the number of samples changes. The data shows that the mean squared error decreases 
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asymptotically towards zero as the number of samples increases, where an MSE of zero would indicate a 

perfect reproduction of the ground truth. This tells us the maximum reasonable MSE value for our 

model, but must be considered on a result-by-result basis as the size of the ensembles used to produce 

our target distributions is variable. While the MSE values shown here get quite close to zero at their 

minimum, such values are statistically unlikely, and the mean MSE of all predictions in a simulation 

should be compared to the boxes – which represent 50% of all measured MSE values – instead. In 

addition to indicating overfitting, these results represent the maximum measurable accuracy for the 

model against an ensemble of a given size. 

 

Figure 31 – Whisker plot showing the mean squared error between the sampled distributions and the full distribution. Shows the 
decrease in the mean squared error as the sample size increases. 

In contrast to Figure 31, which represents the maximum theoretical accuracy, Figure 32 depicts a 

more reasonable expectation of what ideal accuracy values for our model would be. Here we are 

showing the MSE between the two distributions which were sampled from each ground truth as a 

function of the sample size. Once again, these values converge asymptotically towards zero, and the 

lowest values are quite close to zero compared to the MSE values when fewer samples are used. 

Knowing that the majority of our ensemble used for training have somewhere between 100 and slightly 

more than 200 simulations, we can say that our ideal accuracy target averaged across all data is around 

1E-4. 
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Figure 32 – Whisker plot showing the mean squared error between two sampled distributions. Shows the decrease in the mean 
squared error as the sample size increases. 

Interestingly, the scale of the MSE for this data is not significantly different from the MSE of the 

previous data. This indicates that our expected MSE of a well-trained model vs our training and testing 

data is not significantly different from the MSE between the model and the unknown true distribution 

the training data represents. This does however make it harder to distinguish between an accurate 

model and an overfit model, indicating the need to avoid the lower tails of these ranges. 

Because this experiment relied on a single ensemble of simulations of a single-layer print, the 

sampled distributions are likely much more similar to each other than distributions sampled from 

multiple ensembles produced by simulating prints with a variety of process parameters. The 

consequence of this is that it is hard to say for certain if these results hold true for all possible grain size 

distributions. However, the results obtained while training and using the model for larger simulations, 

which will be discussed throughout the remainder of this work, indicate that these results are at least 

consistent enough to serve as a reasonable reference point. 

3.7 Model Optimization 

After implementing the model as defined in Section 3.2, the accuracy of the model on the test 

data was on the order of 1E-4, well within the ideal MSE range given by the statistical experiments in 

Section 3.6 and at the limits of the maximum measurable accuracy given the size of our microstructure 

ensembles. While the model met our desired accuracy targets, one of the primary objectives for our 
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surrogate model is to make microstructure predictions as quickly as possible for the purposes of 

facilitating LPBF process optimization. Investigating the performance of our model with respect to speed, 

we found that the surrogate model was indeed much faster than the equivalent SPPARKS simulations. 

Not including the thermal simulation, the surrogate model can make predictions about the 

microstructure statistics of a print in minutes using a single NVIDIA A100 GPU. By contrast, a single 

equivalent SPPARKS simulation can take hours to days running on a high-performance computing node2, 

and reproducing the statistics produced by our surrogate model requires an ensemble that takes days to 

weeks even with multiple nodes.  

While these initial results were promising in terms of both speed and accuracy, the number of 

parameters in the neural network architecture were largely unchanged from the foundational ConvNeXt 

architecture beyond the changes caused by the dimensions of the thermal data used as the model input. 

Because each parameter corresponds to one or more operations, reducing the number of parameters in 

the model has the potential to further improve the observed speed-up. Additionally, while the model 

achieved the maximum measurable accuracy with the original number of parameters, it is possible that 

fewer parameters or a different configuration of parameters could result in a model which performs 

better across a wider range of LPBF parameters.  

To reduce the number of parameters in the model, we used multi-objective optimization to find 

the model hyperparameters which achieved the highest throughput and best accuracy. While we did not 

expect this to improve the model’s accuracy, the accuracy was included as an optimization target to 

avoid over-pruning the model to the point that it could not make accurate predictions. To carry out this 

optimization, we used Bayesian optimization, as implemented in Optuna [154] on top of BoTorch [155], 

and targeted 16 model hyperparameters to optimize, as shown in Table 4. A complete breakdown of the 

parameters and the ranges used for optimization can be found in Appendix B. 

 
2 The SPPARKS simulations used for training data generation were run on nodes with 2 AMD EPYC 7532 processors 
for a total of 64 cores with multi-threading disabled. 



P a g e  76 | 176 

Table 4 – Model hyperparameters before and after optimization. 

Parameter Initial value Result 

Layer 1 depth 3 1 

Layer 2 depth 3 1 

Layer 3 depth 9 3 

Layer 4 depth 3 0 

Layer 1 Kernel Size 7 3 

Layer 2 Kernel Size 7 3 

Layer 3 Kernel Size 7 4 

Layer 4 Kernel Size 7 N/A 

Layer 1 Number of Channels 96 64 

Layer 2 Number of Channels 192 96 

Layer 3 Number of Channels 384 304 

Layer 4 Number of Channels 768 N/A 

Layer 1 Scale 4 7 

Layer 2 Scale 4 8 

Layer 3 Scale 4 1 

Layer 4 Scale 4 N/A 

 

This process was able to successfully reduce the number of parameters in the model from 38.9 

million to 5.7 million, a reduction of over 85%, increasing the model throughput by approximately 2.5 

times while maintaining the accuracy of the model within our ideal accuracy range. A plot showing the 

accuracy and throughput of all the optimization trials can be seen in Figure 33, with the red points 

indicating the Pareto front, the curve which defines the best combinations of accuracy and throughput. 

With the exception of a few trials, all resulting models had very similar accuracies, and fell within our 

target accuracy range, so the model throughput was the primary deciding factor when selecting the 

optimal configuration. As such, the trial with the hyperparameters reported in Table 4 was selected, as it 

is the trial with the highest throughput and did not have unreasonably high or low accuracies. While this 

is the best performing trial observed during the process, the small number of trials in the immediate 

vicinity and the relative lateness of these optimal trials in the optimization process indicate that there 

may be other model configurations which perform as well or better; but the computational cost of the 

process limits the number of trials which can be performed in a reasonable amount of time. 
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Figure 33 – Plot showing results of all the trials of the network optimization process, where the objective is to minimize the loss 
and maximize the performance. The best trials are shown in red, and the shade of the points corresponds to the trial number.  

Between this optimization and the prior modifications needed to make the model function, the 

resulting neural network is significantly different than the ConvNeXt architecture on which it is based, 

despite many of the main principles remaining unchanged. The most significant changes resulting from 

the optimization process are caused by the removal of the last stage from the model. Not only does this 

change eliminate several convolution and linear layers, but it effectively removes the 1:1:3:1 compute 

ratio of the stages by removing the last group to make the ratio 1:1:3. In addition to altering this 

compute ratio, the optimization process resulted in a significant decrease in the total number of blocks, 

as each stage has 3 times more in the original ConvNeXt. Also of note, the substantial ratio introduced to 

the width of the linear layers was surprising due to the lack of any ratio in the original architecture. In 

contrast, the now smaller convolution kernels make intuitive sense due to the smaller dimensions of the 

data. 

While this process resulted in significant improvements in speed, though no accuracy gains were 

possible, it was undertaken relatively early in the research. As a result, this optimization process was 

performed using a limited sample of the total training data, as some of it had yet to be generated, and 

was done using the initial 15 voxel across input window rather than the current 25. As a result, and 

because the number of iterations was limited by the computational cost, it is likely that a slightly 

different set of model hyperparameters could perform better than the ones presented here. 
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In all, the resulting surrogate model, including the thermal process model, has been observed to 

be approximately 600 times faster than running a comparable ensemble of 100 SPPARKS simulations on 

a single compute node, and up to 6 times faster than a single microstructure simulation3. Because the 

thermal model is GPU accelerated and SPPARKS is not, some portion of this speedup is hardware 

acceleration based rather than inherent to the surrogate model. As such, until hardware acceleration is 

implemented in SPPARKS, it is hard to say definitively that the surrogate model is faster than a single 

SPPARKS simulation. However, the surrogate microstructure model provides statistics that would not be 

available from running a single SPPARKS simulation, so the comparison between the surrogate model 

and the SPPARKS ensemble is more appropriate. Additionally, while the thermal simulations used here 

are nominally part of the microstructure surrogate model, it is likely that anyone attempting to optimize 

LPBF process parameters for a part via simulations would also be modeling other process outcomes that 

require thermal modeling, such as residual stresses. If we take this into account, and exclude the thermal 

model runtime from our comparison, the surrogate microstructure model alone is approximately 146 

times faster than a single SPPARKS simulation. 

3.8 Conclusions 

Here we have introduced the model architecture, the data used to train it, the regularization and 

augmentation methods used during training, and the methods used to train the model. We then 

analyzed the meaning of the mean squared error with respect to our data so that we could have a 

reference point when discussing the accuracy of the model. Finally, we showed that the number of 

parameters in the surrogate model could be significantly reduced while maintaining our accuracy target, 

resulting in a surrogate model that is significantly faster than the equivalent kinetic Monte Carlo based 

SPPARKS simulations.  

 

 
3 Subsequent optimizations to the thermal characteristics calculations have resulted in an improvement to the 
thermal process model of up to 80% less runtime on an RTX 3090, meaning that the true number is likely higher. 
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Chapter 4 Surrogate Model Accuracy  

4.1 Introduction 

In Chapter 3 we showed that the microstructure surrogate model created using the proposed 

framework achieves our desired level of accuracy. More specifically, we showed that the MSE achieved 

by the surrogate model is equivalent to generating new ensembles of SPPARKS simulations equivalent in 

size to those used for training. Furthermore, we showed that it does so much faster, or with much fewer 

computational resources, than creating said ensembles. 

While these metrics indicate that the surrogate model has nominally met our desired outcomes 

for this exploratory research, they do not provide sufficient insight into the model’s predictions to be 

confident in its use for process optimization. To better understand the usefulness of the surrogate model 

for making new predictions, here we will incorporate a more qualitative approach to analyzing the 

results by visually inspecting the model’s predictions for a variety of situations. In doing so we discover 

that the surrogate model outperforms our expectations in a way that is not measurable by the MSEs 

obtained while training and testing our model.  

To do this, we will first compare the model’s predictions for the cases included in the training 

data to the training data itself. We then train multiple iterations of the model to understand the 

influence of the size of the ensembles used for training data on the accuracy of the model. Next, we 

explore the accuracy of the model for a variety of cases on which it has not been trained, to better 

understand how it will perform in its intended real-world use case. Finally, we examine the implications 

of using small ensembles to fill in gaps in the model’s training data. 

4.2 Initial Model Results  

In the previous chapter (Sections 3.6 and 3.7) we showed that the model achieves a level of 

accuracy, as measured by the MSE, equivalent to sampling new distributions from the same ground 

truth. However, this single number metric alone does not provide satisfactory insight into the accuracy of 

the surrogate model. Here we qualitatively compare the microstructure predictions made by early 

iterations of the model to the SPPARKS simulation-based ensemble data on which they were trained by 

visualizing the statistics. In doing so, we uncover one of the most interesting behaviors of the surrogate 

model. Finally, we examine a sampling of the microstructure statistics predicted by the final version of 
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the surrogate model to provide insight into the measured accuracies. This provides a baseline against 

which to compare the results presented throughout the rest of this chapter.  

The initial results presented here come from an early version of the model architecture, which 

served as a proof of concept and had not yet been rigorously tuned for this use case. These results are 

worth discussing because they show an interesting phenomenon, which exists in all versions of the 

model, particularly well. Because the initial training data consisted primarily of single-layer cases to 

minimize the computational cost of generating the data needed for a proof of concept, the maximum 

size of the grains in the initial data was much smaller. As a result, the bins used to digitize the grain sizes 

covered a much smaller range of grain sizes than in final iterations of the model architecture. This, in 

turn, amplified the influence of the stochasticity on the microstructure statistics, because even small 

deviations in the size of a given grain could result in a different binning.  

After training this early iteration of the model, it was used to predict the microstructure statistics 

for the full P100V100case1 case, which was included in the training and testing data. This case is a single 

layer print, printed with a 100-Watt laser moving at 1 meter per second. When measured against the 

144-simulation ensemble-based statistics used for training and testing, the model achieved an average 

MSE of 1.4 E-4. According to the results of Section 3.6, this value is in line with the MSE that we would 

expect if we were to measure the accuracy of the ensemble against the underlying ground truth, 

indicating that this is the lowest MSE we can expect to measure using this ensemble.  

The microstructure statistics predicted by the model can be seen in Figure 34, which shows the 

probability that each voxel in the top surface of the print belongs to a 30-32μm diameter grain as 

predicted by both the model and 144-simulation ensemble. While the overall patterns present in the 

model’s prediction match that of the ensemble, the ensemble-based training data has more variation in 

magnitude and pronounced striated features that are not present in the model’s predictions. Because 

these features are due to the nature of randomly sampling the stochastic process, and therefore present 

in all of the training data, this discrepancy was an unexpected result. 
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Figure 34 – Probability that each voxel in the top surface of a 1-layer raster scan printed with a 100W laser moving at 1m/s 
(P100V100Case1) belongs to a 30-32μm diameter grain, with results of the 144 simulation SPPARKS ensemble used for training 

on the left and the surrogate model’s predictions on the right. The irregular striated patterns in the ensemble data are due to the 
stochastic nature of the SPPARKS model. 

These results indicate that the model is learning to average out the random variation present in 

in the ensemble-based training statistics, and predicting the mean behavior instead. Because increasing 

the number of samples when measuring a stochastic process decreases variation and better 

approximates the mean behavior, it was hypothesized that the model’s smooth predictions would be 

closer to the statistics of a larger ensemble than they are to the training data, indicating the model is 

more representative of the underlying microstructure probabilities than the data on which it was 

trained. To test this, a much larger ensemble of 1188 SPPARKS simulations was created for this case, 

decreasing the stochasticity of the resulting statistics and making them a better representation of the 

ground truth. By measuring the model’s predictions against this larger ensemble, we obtain a lower MSE 

of approximately 2E-5. This lower MSE is consistent with that expected when comparing two ensembles 

of this size, as determined in Section 3.6, once again indicating that the model is achieving the maximum 

accuracy we can measure with this ensemble. Additionally, in Figure 35 the model’s predictions 

qualitatively appear to be more accurate compared against this larger ensemble than they did against 

the smaller ensemble used for training. This confirms that the surrogate model is learning to average out 

Predicted Probabilities 
(Surrogate Model) 

Target Probabilities 
(n: 144) 
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the behavior of the stochastic noise in the training data when making predictions, in a way that makes 

the predictions more representative of the underlying statistics than the training data. Due to the high 

computational costs of continuing to increase ensemble sizes, it is not practical for us to determine the 

true accuracy of the surrogate model, or how large of an ensemble would be needed to match it1. 

 

Figure 35 – Probability that each voxel in the top surface of a 1-layer raster scan printed with a 100W laser moving at 1m/s 
(P100V100Case1) belongs to a 30-32μm diameter grain, with results of the larger 1188 simulation SPPARKS ensemble used for 

testing on the left and the surrogate model’s predictions on the right. Note the significant decrease in appearance of the 
irregular striated patterns with the larger ensemble, which more closely matches the model’s predictions. 

While it’s not clear exactly how the surrogate model is learning to remove the stochastic noise 

from our data when making predictions, the ability of neural networks to denoise data is well known. In 

fact, denoising is the basic principle behind the diffusion models used by popular image generators such 

as DALL-E, Midjourney, and Stable Diffusion [156]. However, as we do not have a noise-free version of 

our data, like is used when training such models, the mechanism by which our model learns a less noisy 

interpretation of the data may be closer to other models such as NOISE2NOISE [157] which is trained 

 
1 We showed in Figure 19 that there is still a meaningful amount of stochastic noise at 2000 simulations, even with 
the larger bins used there. 
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using noisy inputs and noisy targets, and NOISE2VOID [158] and the model by Laine et al [159] which use 

only noisy input data for training.  

4.3 Final Model Results 

While this smoothing effect was particularly obvious with the smaller grain size bins and single-

bin plotting used for early iterations of the model, these effects continue to be visible with the final 

model architecture. In Figure 36 we show the prediction from the final version of the model using the 3-

color plotting introduced in Section 2.4.2, with a comparison to the ensemble based statistics used for 

training, with the number of simulations in the ensemble given, for the same P100V100Case1 case 

shown in Figure 34 and Figure 35 (rotated by 90°). In addition to this direct visual comparison, we also 

include a plot showing the MSE of each voxel on the surface, where the values are scaled according to 

the highest MSE shown, and with the average MSE across the entire print given. In this case, the MSE of 

7E-5 continues to be in line with what we would expect from a model which is at least as accurate as the 

200-simulation training ensemble against which we are measuring. While there are voxels with higher 

MSEs, they are generally individual voxels or clusters around the extremities of the part, which do not 

dramatically alter the overall grain size statistics and are not significant enough to be obvious in the 

visual probability comparison. The lack of visual differences at these lower accuracy clusters indicates 

that the highest probabilities in these regions belong to the correct color’s super-bin, which in this case 

span just 16µm.  
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Figure 36 – Prediction from the final version of the model, for the same case presented in the previous figure(P100V100Case1), 
using the 3-color plotting method presented in Section 2.4.2. Red:0-16μm, Green:16-32μm, Blue:32-48μm. We continue to see 

that the model’s predicted probability maps are smoother than the training data, and achieve a very high accuracy. 

These results continue to show that the model’s predictions are “smoother” than the training 

ensemble, indicating that the model is continuing to learn some sort of averaging behavior. Comparing 

this prediction to a larger ensemble in Figure 37 once again demonstrates that the model’s averaging 

behavior results in its’ predictions being more accurate to the underlying ground truth than the training 

data on which it was trained. For this comparison we use an even larger ensemble, than was used to test 

the predictions by the initial iteration of the model, of 2000 simulations. At this ensemble size, the 

results of Section 3.6 indicate that the minimum measurable MSE (i.e. the maximum measurable 

accuracy) is in the range of 1E-5 to 2E-5. The measured MSE of 1.43E-5 is in this maximum accuracy 

range, indicating that the model is at least as accurate to the underlying distributions as the 2000-

simulation ensemble, and that it continues to be more accurate than the training data for these simple 

cases. 
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Figure 37 – Prediction from the final version of the model, for the same case presented in the previous figure (P100V100Case1), 
compared against a very large ensemble of 2000 simulations. Red:0-16μm, Green:16-32μm, Blue:32-48μm. We once again see 

that the measured accuracy of the model’s predictions improves as we increase the size of the ensemble against which we 
measure.  

In addition to performing well for the simple single layer case, we find that the model continues 

to make reasonable predictions for multi-layer prints that are much more representative of real-world 

scenarios. As seen in Figure 38, which depicts the top surface and cross-section of the 15-layer 

P100V100case2, the average MSE for these cases is generally higher than the ideal found in Section 3.6. 

However, the model captures many of the complex patterns which appear in this statistical 

representation, with a low MSE across much of the part. While these visualizations show only small 

slices of the full print, they illustrate that there are once again lower accuracy voxel clusters around the 

extremities of the part which are skewing the average despite not significantly contributing to the overall 

statistics.  
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Figure 38 – The top surface and cross section of a 15-layer print, P100V100Case2, showing good agreement between the 

model’s predictions and the corresponding ensemble data. Red:0-40μm, Green:40-80μm, Blue:80-128μm. 

While these larger MSEs do not always correspond to visually identifiable differences in the 

overall statistics, for the larger and more complicated cases there are often small but visually identifiable 

non-physical artifacts created by the model. This behavior can be seen in Figure 39, which depicts the 

cross-sections of two different 30-layer cases, where we see visible horizontal banding, particularly in the 

lower layers. These bands primarily occur near the tops of the individual layers of the prints, indicating 

that there is something specific to the tops of these layers that the model is struggling to capture despite 

performing well overall. This behavior was observed to be more prominent in earlier iterations of the 

model, which used a context window 15 voxels across, when data from all intermediate layers of the 

print was added to the training set. As such, it may be possible to further reduce this artifacting by 

further increasing the context window size or eliminating intermediate layers from the training data, in 

addition to more training and/or a larger dataset. 
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Figure 39 –Cross sections from two different 30-layer cases, both of which exhibit banding artifacts in the model’s predictions, 

though there is no significant increase in the MSE around these artifacts. (Top) P225V72 Red:0-96µm, Green:96-192µm, 
Blue:192-296µm. (Bottom) P250V75 Red:0-128µm, Green:128-256µm, Blue:256-400µm.) 

The only case included in the training data where the model’s prediction was notably different 

across the whole print, despite not having a higher average MSE than the cases already discussed, was 

the single case where the direction of the scan path was changed by 90 degrees between layers. While 

there was also a case with 45° of rotation between layers, the majority of the cases included in the 

training data used an angle of rotation of 67°. For this 90° case, shown in Figure 40, the model appears to 

underpredict how far the regions of increased probability  for small and medium grains (i.e. the red and 

green) extend from the bottom surface, while overpredicting the magnitude of probability for small 

grains scattered throughout the full height of the central region. Despite these discrepancies, the 

model’s predictions remain largely correct, with no significant discrepancies between the 99.5% cutoff 

point of the model’s prediction and the ensemble-based statistics. In both cases, the 99.5% cutoff results 

in the same upper bound of 320µm, though the model predicts that the print averages 0.44% of voxels 
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in larger grains, versus the 0.34% from the ensemble. This type of small discrepancy in the remaining 

percentile is present in all cases presented in this work, including those already shown, and is largely 

inconsequential for these cases, where the model has accurate predictions. 

 

Figure 40 – Cross section from the single case included in our dataset which used a 90-degree rotation of the laser scan path 
between layers. Red:0-104μm, Green:104-208μm, Blue:208-320μm. 

Overall, we have shown here that the surrogate model generally achieves good agreement with 

equivalent SPPARKS simulation ensembles for the LPBF parameter sets included in the training data. This 
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includes qualitative measures like predicting the patterns present in the statistics, and quantitatively with 

reasonable MSEs across much of the print volumes. While these results are from cases included in the 

training data, 10% of the voxels in each case are new to the model. As these new voxels are randomly 

selected, poor model performance for these new voxels would show up as randomly distributed voxels 

of lower accuracy, which we do not consistently observe. Instead, there are more often small clusters of 

low accuracy voxels, indicating particular relationships the model has not fully reproduced. Though there 

are often some voxels with lower-than-ideal accuracy, and some artifacts introduced by the model, these 

low accuracy clusters are not significant enough to skew the predicted grain size ranges in these results. 

In addition to showing that the model performs well for most of the cases included in the training set, 

we have also shown that the model generally learns to average the observed relationships in a way that 

mimics the accuracy of larger ensembles than those used in the training data. 

4.4 Influence of Ensemble Size on Model Accuracy 

When developing the framework for our surrogate model, the assumption was made that the 

training data must meet some threshold for minimum ensemble size to capture the stochastic nature of 

the process in a statistically meaningful way. While it was not clear what this threshold should be, it was 

reasoned that relatively large ensemble sizes, as compared to the number of bins, would be needed to 

avoid binning artifacts and minimize stochastic error, and that a statistical resolution of 1% or better 

would be ideal. For these reasons, the ensembles used to create training data were generally on the 

order of 200 simulations. However, with the initial results shown in the previous section, we found that 

the model appears to be capable of making predictions equivalent to much larger ensembles than those 

used in the training data, indicating that such large ensembles may not be necessary. With this 

knowledge, we set out to explore in detail the influence of the ensemble size on the model’s accuracy, in 

the hopes that much smaller ensembles could be used to create a model with similar levels of accuracy. 

This would allow for training data to cover a much larger portion of the LPBF parameter space using the 

same amount of compute resources for training data generation, which is the current bottleneck of the 

model creation process. 
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4.4.1 Method 

To analyze this influence, the raw SPPARKS simulations used to create the full training data were 

re-processed at a variety of ensemble sizes; specifically, statistics were calculated using 5, 10, 25, 50, 75, 

and 100 of the existing simulations. This method of re-processing the data does introduce some 

correlation into the data sets, as each increasingly large ensemble contains the previous, but this is not 

expected to have a meaningful influence on the overall trends. These six new variable sized ensembles 

were then used to train six new models from scratch, at which point we measured the testing loss of 

each model against the largest ensemble available for each case in the dataset. To compare these results 

to our previous observation that the model’s predictions appear to more accurately reflect the 

underlying statistics than the training data, the accuracy of each of the variable sized training ensembles 

was also measured against the corresponding largest available ensembles. After exploring the 

implications of these results, we examine how each of the models’ predictions for the P225V72 case 

compare to the full ensemble statistics, both quantitatively and qualitatively. 

4.4.2 Results 

The results of this analysis are summarized in Figure 41, which shows how the accuracy of the 

model, with respect to the largest available ensembles, increases as the size of the ensembles in the 

training data increases. Here we see that the measured accuracy of the model quickly increases as the 

ensemble size grows, up until around 50-75 simulations, at which point the model’s accuracy starts 

plateauing. Additionally, we see that up until 75 simulations, where the accuracy of the training data 

meets that of the model, the accuracy of the surrogate model predictions is significantly higher than that 

of the training data.  
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Figure 41 – Accuracy of the model vs the largest available SPPARKS ensembles as the size of the SPPARKS ensembles used for 
training changes. The largest ensemble varies case to case but is generally around 200 simulations. The accuracy of the training 

ensembles vs the large ensembles is shown for comparison; shows that the model outperforms the data it is trained on. At an 
ensemble size of 75, the model and training data have similar accuracies vs the largest ensembles. 

We have chosen not to measure the accuracy of the training data beyond the 75-simulation 

ensemble data because there are two cases included in the dataset which have a maximum ensemble 

size of 100 simulations. Measuring the accuracy of the 100 simulation ensemble training data against the 

identical 100 simulation target ensembles for these two cases would result in an MSE of zero, artificially 

increasing the apparent accuracy of the training data. While this does also skew the measured accuracy 

of the model slightly, it does so by decreasing the maximum measurable accuracy, rather than by 

artificially improving the apparent accuracy. 

These two cases may also be contributing to the measured accuracy of the training data 

surpassing the measured accuracy of the model at the 75-simulation ensemble mark. When measuring 

the accuracy of the training data, the 100-simulation ensembles against which we are comparing these 

cases only contain 33% more samples vs the more than 100% for many of the other cases, meaning they 

will generally have a lower measured MSE despite having the same number of samples, and by extension 

the same accuracy versus the ground truth.  

A plateau in the model’s accuracy as the accuracy of the training data continues to improve, as 

seen here, is indicative of one of two things. Either the model has some limitations that are keeping it 
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from improving in accuracy as the accuracy of the data improves, or the model is reaching the maximum 

accuracy that we can reliably measure using the largest ensembles we have available. To differentiate 

between these options, we would need to create much larger ensembles against which to measure our 

model; a decrease in the measured MSE would indicate that the plateau is due to the latter option. Due 

to the computational expense of this process, this was not a viable option. However, if we take a closer 

look at the results, Figure 42, we find that the apparent plateau in the model’s accuracy is not as 

definitive as it first appeared. 

 

Figure 42 – Accuracy of the model vs the largest available ensembles, as the training ensemble size grows, zoomed in on the 
region in which the accuracy appeared to plateau. While the rate of improvement does decrease significantly, the model’s 

accuracy does continue to improve in this region.  

This behavior is more interesting, as it shows the model is continuing to improve as the training 

data increases in accuracy, but at a much slower rate. While we cannot say definitively what this 

indicates without larger ensembles to test against, this seems to indicate that the model quickly 

approaches the maximum measurable accuracy then continues to make small improvements as the 

accuracy of the training data improves. Because we know that the model’s accuracy is much higher than 

the training data, but cannot surpass the maximum measurable accuracy, it makes sense that each 

incremental improvement in the model’s accuracy would be much smaller than those observed in the 

training data itself. While these improvements are small enough that it appears as though the accuracy is 
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plateauing, this behavior is consistent with a model that is continuing to improve but approaching the 

maximum measurable accuracy. 

To better understand these results, we can visually inspect how the model’s predictions compare 

to the ground truth ensembles. Here we will look at the predictions from each version of the model for 

the P225V72 case, which contains complicated statistical structures and is in a region of the LPBF 

parameter space that is sparsely covered by the training data. While the models’ accuracies and 

behaviors varied across the cases in the dataset, we found that the behavior of the model was largely 

consistent across all cases for each training ensemble size. 

4.4.2.1 Five-Simulation Training Ensembles 

Starting with the scenario where the model was trained on 5-simulation ensembles, as shown in 

Figure 43, the model’s accuracy is low, with an average MSE of 9.4E-4 for the P225V72 case. This MSE is 

higher than the average of 6.66E-4 across all cases which was shown in Figure 42, indicating that this is a 

good test case as it is representative of a worst-case scenario. Despite the high MSE, the model 

qualitatively predicts the overall patterns present in the statistics to a reasonable degree of accuracy. 

However, the model does slightly underpredict the maximum likely grain size by 16µm, though this is a 

minority of all possible outcomes. The ensemble predicts only a 0.29% average probability of larger 

grains than the 296µm cutoff shown here occurring, which is only marginally higher than the model’s 

0.24%. 

 

Figure 43 – Model's prediction for the P225V72 case when trained on 5 simulation ensembles, compared against the full 
ensemble of 220 simulations. Red:0-96μm, Green:96-192μm, Blue:192-296μm. 
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4.4.2.2 Ten-Simulation Training Ensembles 

Increasing the training ensembles to 10 simulations, we see in Figure 44 that the model’s 

predictions are significantly improved with an MSE of 4.75 E-4, and an average MSE of 3.61E-4 across all 

cases. In addition to no-longer having any large regions of high MSE in the bulk of the print, the model 

does a better job of capturing some of the patterns present in the statistics. Additionally, the model does 

a better job at capturing the nuance present in the statistics with fewer sharp transitions between grain 

size regions. Here the model once again underpredicts the maximum likely grain size by 16µm, but with a 

similar margin of probability. 

 

Figure 44 – Model's prediction for the P225V72 case when trained on 10 simulation ensembles, compared against the full 
ensemble of 220 simulations. Red:0-96μm, Green:96-192μm, Blue:192-296μm. 

4.4.2.3 Twenty Five-Simulation Training Ensembles 

Increasing the training ensembles to 25 simulations, in Figure 45 we see that the model’s 

predictions are again improved with an average MSE of 2.74E-4, not much behind the average of 2.1E-4 

across all cases. This time there are not any significant changes visible in the prediction of the statistical 

patterns, though it appears much smoother overall, with less pronounced but still present banding 

artifacts. At this point, the model and ensemble are in agreement about the maximum size of likely 

grains. 
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Figure 45 – Model's prediction for the P225V72 case when trained on 25 simulation ensembles, compared against the full 
ensemble of 220 simulations. Red:0-96μm, Green:96-192μm, Blue:192-296μm. 

4.4.2.4 Fifty to One Hundred-Simulation Training Ensembles 

The improvements when trained on ensembles of 50, 75, and 100 simulations, Figure 46, are 

visible but minor, with very little difference between the three. While the accuracy of the model as 

measured by the MSE continues to improve as the ensemble size increases, the prediction of the 

patterns present in the statistics does not improve significantly beyond the 25-simulation ensemble-

based model. 
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Figure 46 – Model's prediction for the P225V72 case when trained on 50 (top), 75 (middle) and 100 (bottom) simulation 
ensembles, compared against the full ensemble of 220 simulations. Red:0-96μm, Green:96-192μm, Blue:192-296μm. 

These results support the conclusion that the model learns to largely predict the correct 

statistics with relatively small training ensembles, but continues to make small improvements as the 

accuracy of the training data increases. However, as shown here and in the previous section, the model 

continues to produce artifacts in complex cases even when trained on the largest training ensembles, 

indicating that there are limits to the accuracy of the current iteration of the model architecture.  
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While we showed that the accuracy of the model does not truly plateau as the ensemble size 

grows, and the results shown here do not support one, we also cannot rule out any artificial limitations 

in the measured accuracy due to limitations in the test data. In addition to having already shown that 

there is an artificial limitation on the measured accuracy of some cases in Section 4.2, we cannot say 

definitively that none of the statistical patterns shown here would continue to change as the size of the 

test ensemble increases. Though many of the patterns the model has failed to learn in these results 

appear more consistent than the striated patterns that disappeared with very large ensembles, it is 

possible that some would appear closer to the model’s predictions given a large enough ensemble size. 

4.5 Predictive Power Analysis 

While we have shown that the model performs well when making predictions about cases 

included in the training data, the intended use for this model – allowing for the rapid iteration of LPBF 

process parameters – makes the accuracy of predictions about cases not included in the training data 

more important. To better understand how the surrogate model might perform in such scenarios, here 

we analyze the predictive power of the model for cases not included in the test data. In doing so we will 

gain some understanding of how the relationship between the process parameters included in the 

training data and the parameters in the predicted case influence the accuracy of the model. 

4.5.1 Methods 

Rather than creating entirely new cases on which to test our model, a computationally expensive 

process, subsets of the full dataset used for training the model were categorized according to specific 

scenarios we wished to test. These scenarios were then tested one-by-one by removing the 

corresponding cases from the training data, training a new model from scratch, and using the newly 

trained model to make predictions about the excluded cases. Because attempts were made to maximize 

variation in the training data, the cases excluded in these scenarios often varied by several process and 

geometric parameters beyond those use for assigning them to a scenario. However, for the most part, 

the scenarios are: 

1. Interpolation: Cases with powers and velocities central to the main cluster of cases 

2. Hatch Spacing: Identical powers and velocities to other cases but with different hatch 

spacings 
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3. Extrapolation: Cases that are increasingly far from the main cluster of cases 

4. Sparse Interpolation: Only two neighboring cases, which are far apart 

5. Rotation: Cases with powers and velocities in the extrapolation and sparse interpolation 

regimes, with new angles of rotation for the scan direction between layers 

6. Far Extrapolation: A case with a velocity higher than any other 

These cases are summarized by the power-velocity plot in Figure 47 and by Table 5. 

 

Figure 47 – Plot showing the process parameters used for both training and testing the model. For a given scenario, all data 
except the corresponding testing set was used for training the model. 
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Table 5 – Summary of the cases excluded for testing the various predictive power scenarios.  

Name Test Case Type 
Power 

(W) 
Velocity 
(mm/s) 

Hatch Spacing 
(μm) 

Layer Height 
(μm) 

Rotation 
(deg) 

P95V95 Interpolation 95 95 50 N/A N/A 

P95V97.5 Interpolation 95 97.5 50 N/A N/A 

P102.5V92.5 Interpolation 102.5 92.5 50 N/A N/A 

P100V100H45 Hatch Spacing 100 100 45 N/A N/A 

P100V100H40 Hatch Spacing 100 100 40 N/A N/A 

P130V110 Extrapolation 130 110 50 20 67 

P135V112 Extrapolation 135 112 50 20 67 

P140V115 Extrapolation 140 115 50 20 67 

P225V72.5 Sparse Interpolation 225 72.5 105 35 67 

P90V110R45 45° Rotation 90 110 50 25 45 

P76V104R90 90° Rotation 76 104 50 25 90 

P80V130 Far Extrapolation 80 130 25 15 67 

 

4.5.2 Limitations 

For the purposes of this analysis, we have chosen the cases for each scenario using a limited 

subset of the simulation and LPBF process parameters, without focusing on any other differences that 

may be present. In addition to not fully capturing the differences that may be present due to parameters 

which were not accounted for, the complexity of the relationships between process-parameters and 

printing outcome makes grouping cases based only on process parameters inherently reductionistic. 

While the Power-Velocity plot in Figure 47 illustrates how each case can be classified as being in an 

interpolation or extrapolation regime, the data the model actually sees is much more complex. This is 

illustrated in Figure 48, which shows the distributions of each of the nine thermal characteristics for all 

the voxels in a subset of the cases, where each color corresponds to a different case. This method of 

presenting the thermal characteristics is a simplified view, as in reality the datapoints in each distribution 

are paired with datapoints from each other characteristic, and the model itself is exposed to groups of 

more than 15 thousand such pairings at a time. Despite this simplification, this illustrates that 

establishing any given case as existing in an extrapolation or interpolation regime using the actual 

thermal data would be difficult to impossible, as there is much overlap between the cases in the 

coverage of each thermal characteristic.  
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Figure 48 – Stacked histograms showing the distributions of the thermal characteristics across all voxels in several cases. Each 
case is represented by a different color. This is a simplified view that does not account for the fact that each voxel has a specific 

pairing of the nine thermal characteristics. 

Despite this simplification, we believe that the analysis presented here is insightful for the 

purposes of understanding how the model behaves when making predictions about new process-

parameter cases. Additionally, while we do not attempt here to understand the relationships between 

the model’s performance and the thermal characteristics it uses to make predictions, in Section 5.3 we 

further explore the relationships that exist between the thermal characteristics of the various process-

parameter cases. 
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4.5.3 Results 

4.5.3.1 Interpolation: Cases with powers and velocities central to the main cluster of cases 

Starting with the simplest scenario, where the cases being predicted are simple single layer cases 

that have many nearby training cases surrounding them in the process parameter space. Because these 

are single-layer cases and therefore have a very limited maximum grain size, these cases are not 

particularly useful for understanding the predictive power of the model for real world scenarios 

However, the simplicity of these cases, and their similarity to other cases which were not excluded from 

the training set, makes them useful for understanding the best case scenario for the model’s predictive 

power given small variations. This is important because, while the model’s ability to accurately make 

predictions for complex cases where there is little available data is arguably more useful from a process 

exploration point of view, predicting the influence of small changes to the process parameters is 

important for any use as part of an optimization cycle/pipeline. 

The resulting predictions from the model, shown in Figure 49, are quite accurate for all three 

cases, with average MSEs of 8.71E-5 or lower, which is in line with the maximum measurable accuracies 

for the ensemble sizes against which we are measuring. While there are some voxels with higher errors, 

particularly in the P95V97.5 case with a peak over 1.2E-2, these low accuracy voxels are confined to 

small clusters at the very edges of the print and don’t have a significant overall impact. The most 

insightful feature of these results is how well the model predicts the shape and intensity of the blue-

green medium-to-large grain patterns in the vicinity of every turning point for the laser. While the 

patterns for the small grain (red) regions are fairly consistent along the edges of all single-layer cases, 

these blue-green regions vary more visibly, making them one of the few indicators of model accuracy for 

these cases. 
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Figure 49 – The model's predictions for the top surface of all three interpolation cases: Top) P95V95 Middle) P95V97.5 Bottom) 

P102.5V92.5. All three predictions are in good agreement with the results from the simulation-based ensembles and have a low 
MSE. Red:0-16μm, Green:16-32μm, Blue:32-48μm. 

4.5.3.2 Hatch Spacing: Identical powers and velocities to other cases but with different hatch spacings 

The hatch spacing cases were selected to test the influence of just the hatch spacing on the 

model’s predictive power. These cases use identical laser parameters to other cases in the training 

dataset and are simple single-layer cases, which we have already demonstrated the model performs well 

on. However, with the exception of a single case with a hatch spacing of 25µm, the majority of the cases 

in the dataset use hatch spacings of 50µm or hatch spacings greater than 65µm. By decreasing the hatch 
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spacing by small steps down from 50µm, we can directly explore the influence of a parameter that is 

sparsely explored.  

Starting with the 45μm case P100V100H45, with a hatch spacing just 5μm away from the closest 

training data and identical powers and velocities, we see in Figure 50 that the model’s predictions align 

quite well with the test ensemble data. The most obvious difference between the model’s prediction and 

our ground truth is a slight underprediction in the prevalence of small grains along the edges. 

Additionally, the model also seems to slightly underpredict the prevalence of the largest grains – in fact 

this is the largest source of error. This is most visible in the region of the 4th turning feature working up 

the right side, where our ground truth data indicates that it is very likely for the largest grains to extend 

all the way to the edge. While these “large grains” are quite small on the scale of all grain sizes found in 

our data, this behavior is somewhat unusual in the dataset, so it is not surprising that the model’s 

prediction is not in perfect agreement here. 

 

Figure 50 – Model's predicted probabilities for the top surface of the P100V100H45 case, a 1-layer raster scan with a hatch 
spacing of 45μm. The model’s predictions are reasonably accurate when compared to our test data, but it does not capture some 

of the features around the turns. Red:0-16μm, Green:16-32μm, Blue:32-48μm. 

Moving on to the 40μm hatch spacing case P100V100H40, in Figure 51, we find that the model’s 

accuracy is decreased slightly from the 45μm case. Interestingly, in this case, the test data indicates 

slightly lower probabilities for the largest grains to extend to the edges of the turns, so the error in these 

regions is slightly less obvious, but not significantly lower. While the MSE plot does appear to indicate 

less error in these regions, it is primarily due to a much higher maximum error at the tail end of the print 

(the top left in this view). 
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Figure 51 – Model's predicted probabilities for the top surface of the P100V100H40 case, a 1-layer raster scan with a hatch 
spacing of 40μm. The model’s predictions are slightly less accurate than for the 45μm case, but the discrepancies in the vicinity 

of the turns are less obvious. Red:0-16μm, Green:16-32μm, Blue:32-48μm. 

These results indicate that at some level the model was able to learn the influence of the 

physical distances between features of the thermal characteristics on the microstructure and apply those 

influences when making predictions about cases that were otherwise nearly identical to training data. As 

the training data does not expose the model to any variations in the hatch spacing this small, any 

relationships it was able to learn came from much larger differences in hatch spacing, combined with 

other indirect influences on the distances between features. Overall, while this case is not indicative of 

the model’s predictive power for particularly unique cases, it does show that the model appears to be 

able to apply the relationships it’s learning to adapt cases learned from the training data. 

4.5.3.3 Extrapolation: Cases that are increasingly far from the main cluster of cases 

Moving on to the extrapolation scenario, where the process parameters of the test cases get 

increasingly far from the main cluster of training cases, we find that the model performs reasonably well 

for the initial layers of these prints. This can be seen in the Figure 52, Figure 53, and Figure 54, which 

show the top surface of the 3rd layer for all three cases, starting with P130V110 and ending with 

P140V115. We find that the average MSE is higher than ideal for all three cases, and all slightly 

overpredict the abundance of the largest grains. However, the maximum expected grain sizes are largely 

in line with that of the ensembles, overpredicting the largest grain size by 8µm in all three cases using 

the 99.5% cutoff. Though, somewhat counterintuitively, in all three cases the ensembles have a slightly 

higher remaining percentage in larger bin sizes (e.g. in the P135V112 case the ensemble has an average 

of 0.29% remaining vs 0.23% from the model).  
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Figure 52 – Top surface of the 3rd layer of the extrapolation case P130V110. Red:0-24μm, Green:24-48μm, Blue:48-80μm. 

 

Figure 53 Top surface of the 3rd layer of the extrapolation case P135V112. Red:0-24μm, Green:24-48μm, Blue:48-80μm. 

 

Figure 54 – Top surface of the 3rd layer of the extrapolation case P140V115. Red:0-24μm, Green:24-48μm, Blue:48-80μm. 

Moving on to the 4th and 5th layers of the prints, we find that the accuracy of the model 

dramatically decreases, with a significant overprediction of the size of the largest likely grains, as shown 

in Figure 55, Figure 56, and Figure 57. These discrepancies were once again fairly consistent across all 

three cases with the P135V112 and P140V115 overpredicting the largest likely grain size by 48µm in the 

5-layer print, and the P130V110 by 40µm. In retrospect, this finding makes sense, as there is only one 
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other case in the dataset which stops at 5-layers, all other 5-layer cases the model has seen also include 

subsequent layers in the training data. Given that the model does not have a large enough context 

window to see the entire height of these 5-layer cases and has not been trained that these specific 

thermal characteristics correspond to smaller grains, it is not surprising that the model might be 

interpreting these thermal characteristics as belonging to taller parts which would have taller grains. This 

is in line with our observations in the decreased accuracy of the model when we first added 

intermediate layers to the training data, which led to the implementation of a larger context window and 

removal of most of the intermediate layers from the training data. These results suggest that while those 

changes remedied the overall accuracy of the model for the cases in the test/train set, they were not 

sufficient to improve the model’s accuracy for new few-layer cases. 

 

Figure 55 – Top surface of the 4th (top) and 5th (bottom) layers of the extrapolation case P130V110. Top) Red:0-32μm, Green:32-
64μm, Blue:64-112μm. Bottom) Red:0-40μm, Green:40-80μm, Blue:80-128μm. 
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Figure 56 – Top surface of the 4th (top) and 5th (bottom) layers of the extrapolation case P135V112. Top) Red:0-32μm, Green:32-
64μm, Blue:64-112μm. Bottom) Red:0-40μm, Green:40-80μm, Blue:80-136μm. 
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Figure 57 – Top surface of the 4th (top) and 5th (bottom) layers of the extrapolation case P140V115. Top) Red:0-32μm, Green:32-
64μm, Blue:64-112μm. Bottom) Red:0-40μm, Green:40-80μm, Blue:80-136μm. 

As we do not have taller versions of these cases against which to test, we cannot say for certain 

how the model would perform in these cases for the approximately 1mm tall print size we use for many 

layer prints. It does stand to reason that overpredicting the grain size in the context of short prints does 

not necessarily indicate poor performance for taller prints, where such grains would be present. 

However, as using data-based models for extrapolation of complex phenomena is not generally 

recommended, the next scenario (sparse interpolation) provides more useful insight into worst case 

scenarios for real world use. 

4.5.3.4 Sparse Interpolation: Only two neighboring cases which are far apart 

The sparse interpolation scenario is representative of a potential real world use case where large 

parts of the LPBF process space have been covered in the training data using only a handful of cases. 

Here we have a potential worst-case version of such a scenario, where only two such training cases are in 

the vicinity of the sparse interpolation case (P225V72.5) we wish to make predictions for. Starting with 

the first layers of the print, in Figure 58, which shows the top surface of layers 1 and 2, we find that the 
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model’s predictions start off reasonable. While the MSEs are a higher than ideal, and the model slightly 

overpredicts the maximum likely grain size by 16µm and 8µm respectively, the model largely reproduces 

the correct patterns. 

 

Figure 58 – Top surface of the 1st (top) and 2nd (bottom) layers of the P225V72.5 sparse interpolation case. Top) Red:0-24μm, 
Green:24-48μm, Blue:48-80μm. Bottom) Red:0-32μm, Green:32-64μm, Blue:64-96μm. 

Starting with the 3rd layer in Figure 59 we get a dramatic drop-off in the model’s accuracy, with 

an overprediction of the size of the large likely grains by 248µm according to the 99.5% cutoff, resulting 

in every voxel of the ensemble results belonging to the smallest (red) super-bin. We can resolve this 

visualization problem by determining the cutoff point using the last bin which crosses below the 0.5% 

threshold from one bin to the next2, the results of which are shown in Figure 60. With this new, much 

lower cutoff point, we find that the majority of the model’s prediction actually does a reasonable job of 

predicting the patterns present in the statistics, though there are regions with low chances of any of the 

displayed grain sizes occurring due to being above the cutoff. This lower cutoff is only 16µm larger than 

 
2 See Section 2.4.2 for a refresher on this distinction. 
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the same cutoff determined using the ensemble data, a significant improvement in agreement between 

the model and ground truth. Additionally, we find that the average percentage of all distributions which 

are above this cutoff point is just 2.55%. However, as the number of voxels which indicate larger grain 

sizes are a small fraction of all voxels, the actual remaining percentage for these voxels is much higher.  

 

Figure 59 – Top surface of the 3rd layer of the P225V72.5 sparse interpolation case. The model significantly overpredicts the size 
of the largest likely grains, by 248µm, resulting in the majority of every distribution falling in the smallest (red) super-bin. Red:0-

112μm, Green:112-224μm, Blue:224-352μm. 

 

Figure 60 – Top surface of the 3rd layer of the P225V72.5 sparse interpolation case. Determining the upper cutoff using the 0.5% 
method results in a much more reasonable representation, with the model overpredicting the grain size by just 16µm, though 

some distributions are cut off. Red:0-40μm, Green:40-80μm, Blue:80-120μm. 

Interestingly, the model’s predictions for the 4th and 5th layers improve slightly, overpredicting 

likely grain sizes by 96µm and 72µm respectively, as can be seen in Figure 61. Surprisingly, the 

overprediction of the likely grain sizes in the 5-layer case is slightly lower in part due to the model 

predicting a smaller maximum likely grain size than it did for the 4-layer case. In both cases, using the 

0.5% method to determine the upper grain size cutoff for visualization, as seen in Figure 62, once again 

results in an improved comparison to the ensemble data. However, unlike with previous cases this lower 
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cutoff does not introduce any large regions where data is visibly getting cut off (resulting in black 

patches), indicating that there are not generally regions with a high probability of being wrong, but 

instead large regions with a low probability of being wrong.  

 

Figure 61 – Top surface of the 4th (top) and 5th (bottom) layers of the P225V72.5 sparse interpolation case, with the upper cutoff 
for visualization calculated using the 99.5% method. The model overpredicts the maximum size of likely grains by 96µm and 72µ 

respectively. Top) Red:0-64μm, Green:64-128μm, Blue:128-208μm. Bottom) Red:0-64μm, Green:64-128μm, Blue:128-200μm. 
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Figure 62 – Top surface of the 4th (top) and 5th (bottom) layers of the P225V72.5 sparse interpolation case, with the upper cutoff 
for visualization calculated using the 0.5% method. The model overpredicts the maximum size of likely grains by 16µm for both 

cases. Top) Red:0-40μm, Green:40-80μm, Blue:80-128μm. Bottom) Red:0-48μm, Green:48-96μm, Blue:96-144μm. 

Moving on to the full completed 30-layer print in Figure 63, we find that the model continues to 

overpredict the maximum grain size by 96µm using the 99.5% cutoff. Interestingly, using the 0.5% cutoff 

in Figure 64, we find that the model’s predictions and simulation-based ensemble appear more similar 

than they did using the 99.5% cutoff. This indicates that much of the probability in the central region of 

the ensemble statistics belongs to grains less than 32µm smaller than the largest (blue) super bin in the 

first figure. Also of note is that in both figures, the model’s prediction appears to have some semblance 

of the statistical patterns present in the red to green transition of the ensemble-based results. While 

these resemblances are rough at best, it is a good sign that the model is picking up on some relationships 

in the data. However, these results are not particularly accurate, indicating that this level of sparsity 

should be avoided. 
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Figure 63 – Cross section of the full 30-layer P225V72.5 sparse interpolation case. The model overpredicts the maximum likely 
grain size by 96µm when the 99.5% cutoff is used. Red:0-128μm, Green:128-256μm, Blue:256-392μm. 

 

Figure 64 – Cross section of the full 30-layer P225V72.5 sparse interpolation case. Using the 0.5% cutoff results in the model’s 
prediction looking more reasonable, though it still overpredicts the maximum likely grain size by 72µm. Red:0-112μm, 

Green:112-224μm, Blue:224-352μm. 

Notably, despite this prediction significantly overpredicting the maximum likely grain size, the 

MSE of these results is actually lower than the MSE of the prediction for the same case by the model in 

Section 4.4.2 which had been trained using 5 and 10-simulation ensembles for all cases. This indicates 

that having training data for a specific case does not necessarily mean that the model will make more 

accurate predictions than a model trained on higher quality data. This will be explored more in Section 

4.6. 
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4.5.3.5 Rotation: Cases with powers and velocities in the extrapolation and sparse interpolation regimes, 

with new angles of rotation for the scan direction between layers 

With the rotation scenarios, we target the lack of diversity of laser scan rotation angles included 

in our dataset. Though many rotation angles are prominent in LPBF literature, the rotation angle of 67 

degrees is particularly common. To better focus our exploration of the parameter space when generating 

training data, we chose to make all but two of the cases in our dataset use the 67° rotation angle. This 

angle is particularly convenient for the purposes of generating varied data because it does not divide 

evenly into 360°, resulting in it taking many layers before the pattern repeats. However, as other angles 

are also used, it is important that a surrogate model be able to make predictions about arbitrary rotation 

angles. As only two cases with different angles were included in the dataset, the P76V104R90 case with a 

90° rotation and the P90V110R45 case with 45° rotations, this was treated as two separate scenarios 

where each case was individually excluded from the training data. As these angles fall on opposite sides 

of the 67° standard, both scenarios are in the extrapolation regime. 

Starting with the 90-degree case in Figure 65, we find that the model performs quite poorly 

overall with an average MSE of 9.25E-4, similar to that of the model trained on 5-simulation ensembles 

when making predictions about the P225V72 case. These results are particularly interesting, as they 

show the model significantly underpredicting the size of the largest likely grains, with the 99.5% cutoff of 

the model’s prediction being 160µm smaller than that of the ensemble data. This is particularly evident if 

we switch to using the 0.5% cutoff method for visualization, which results in a large mostly black central 

region of the ensemble data, indicating that the majority of the probable outcomes for these voxels fall 

outside of the range of the displayed red, green, and blue super-bins. Interestingly, the lack of any 

significant blue regions in this plot indicates that the ensemble predicts almost no grains with a diameter 

of 96-144µm, a bimodal pattern that is not present to such an extent in any other case. 

Despite this discrepancy between the model prediction and ensemble statistics, the model 

qualitatively does an acceptable job at predicting the prevalence of small and medium grain sizes along 

the outer extremities of the part.  
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Figure 65 – Cross section of the P76V104R90 90-degree rotation case, using the 99.5% cutoff (top) and the 0.5% cutoff (bottom). 
The model significantly underpredicts the size of the largest likely grains, which results in a large black area in the ensemble 

predictions when the 0.5% cutoff is used. Top) Red:0-104μm, Green:104-208μm, Blue:208-320μm. Bottom) Red:0-48μm, 
Green:48-96μm, Blue:96-144μm. 

Examining the top surface of this print in Figure 66, we find that the model does an okay job at 

predicting some of the statistical patterns. However, the model fails to reproduce some of the patterns 

that do not lie along either of the two axes and seems to instead be overemphasizing the influence of 

the previous layer’s scanning direction. 
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Figure 66 – Top surface of the P76V104R90 90-degree rotation case, using the 99.5% cutoff (top) and the 0.5% cutoff (bottom). 
The model fails to accurately predict the direction of some of the patterns, seemingly overemphasizing the importance of the 

previous layer’s scan direction. Top) Red:0-104μm, Green:104-208μm, Blue:208-320μm. Bottom) Red:0-48μm, Green:48-96μm, 
Blue:96-144μm. 

Moving on to the 45-degree P90V110R45 scenario, we find that the discrepancies between the 

model’s prediction and the ensemble data is much lower, with an average MSE of just 3.16E-4 for the full 

10-layer print. While this is still higher than ideal, in Figure 67 the majority of the error seems to be 

concentrated to a few clusters, and the largest likely grain size predicted by the model is only 8µm too 

large. Additionally, inspecting the model’s predictions, we see that the results are qualitatively quite 

similar to the ensemble data, though it fails to predict some of the complexity in the pattern on the top 

surface. 
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Figure 67 Top surface (top) and cross section (bottom) of the P90V110R45 45-degree rotation case. Red:0-56μm, Green:56-
112μm, Blue:112-176μm. 

Interestingly, despite being only 10-layers tall, this case does not seem to run into the same issue 

of overpredicting grain size that has been seen when making predictions about other prints that are less 

than 1mm tall. While this does occur somewhat at lower layers in this case, peaking with some regions 

that are 40µm too large in the 6-layer case, the decreased occurrence here is noteworthy. This indicates 

that the issue the model architecture has been observed to have with intermediate print heights are 

more complex than previously suspected. 

4.5.3.6 Far Extrapolation: A case with a velocity higher than any other 

When tasked with making predictions about the P80V130 case without having seen it before, 

the model performs quite poorly, with an average MSE of 9.79E-4. This can be seen in Figure 68 which 

shows that the model significantly overpredicts the maximum likely grain size in the interior of the part. 

To put this difference in numbers, the 99.5% cutoff point for visualizing the model’s prediction is 104µm 

larger than the 99.5% cutoff for the ensemble statistics. Oddly, despite this overprediction of grain size, 

the model seems to significantly underpredict the occurrence of medium grains around the edges of the 

part, instead overpredicting the prevalence of smaller grains, with distinct bands of small grains 

extending across the part. This trend of excess small grains extends to the top surface of the part, shown 

in Figure 69, where the model predicts almost entirely the smallest grains on the top surface. Here we 
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see one of the highest magnitude MSE clusters that has been directly observed, with a peak around 

1.2E-2 on the edge of the top surface, significantly worse than the average accuracy of 5-simulation 

ensembles observed in Section 4.4. 

 

Figure 68 – Cross section of the 60-layer P80V130 (Far Extrapolation) case. The model notably overpredicts the size of likely 
grains by 104µm, and has significant banding artifacts with a high likelihood of smaller grains. Red:0-120μm, Green:120-240μm, 

Blue:240-368μm. 

 

Figure 69 – Top surface of the 60-layer P80V130 (Far Extrapolation) case. The model notably underpredicts the size of the grains 
along the top surface, with the exception of a small region with very large grains. Red:0-120μm, Green:120-240μm, Blue:240-

368μm. 

This contrast between the model’s prediction and the simulation-based ensembles is slightly 

more interesting when making predictions about lower intermediate layers for this case. For example, 

when tasked with making predictions about the microstructure statistics after just 10 of the 60 layers 

had been printed, the model predicts some regions with reasonable levels of accuracy, and others with 

such low accuracy that it becomes hard to properly visualize the results. This is illustrated in Figure 70, 

which shows the results plotted using both the 99.5% cutoff used in the previous figure, alongside the 

results plotted using a cutoff determined by the last bin in the model’s prediction which drops across the 

0.5% threshold from one bin to the next. Here we show the top surface, because while the cross section 
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is also interesting, it does not show the source of the discrepancy. The discrepancy in question is a 

localized region in the corner of the print with a high likelihood of grains that are 208µm larger than the 

largest grains according to the 99.5% cutoff of the ensemble-based statistics. Despite this delta being 

twice the size of that of the 60-layer prediction, the average MSE is actually slightly lower, once again 

demonstrating the limitations of using the MSE alone to measure the model’s accuracy. However, in this 

case, the visualization alone is sufficient to see that the model is performing poorly, as this behavior is 

not present in any SPPARKS ensemble. 

 

Figure 70 – Top surface of the 10-layer P80V130 (Far Extrapolation) case, plotted using the 99.5% cutoff (top) and the drop 
below 0.5% cutoff (bottom). Using the 99.5% cutoff results in almost the entire part being binned in the “small” grain size red 
super-bin due to the predicted likelihood of very large grains in the corner of the part. Using the less refined cutoff method of 

finding the last bin to cross below the 0.5% threshold shows a much clearer picture, though it results in a region with “0%” 
probability of anything. Top) Red:0-104μm, Green:104-208μm, Blue:208-320μm. Bottom) Red:0-40μm, Green:40-80μm, Blue:80-

136μm. 

While the results shown here illustrate certain trends in the model’s predictions, it is important 

to remember that the stochastic nature of the model initialization and training process means that 

different iterations of the model may have different behaviors. Due to corruption and loss of the model 

which was trained on this scenario, it was necessary to train a second iteration of the model for testing 
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this scenario, so that the results could be examined in full. It is from this second version of the model 

that the results which have already been shown came. However, the initial plots from the first iteration 

of this model were preserved, which gives us extra insight into the model’s performance for this 

scenario. These initial predictions, which use the last bin of the model’s prediction which drops across 

the 0.5% threshold to determine the cutoff point for plotting can be seen in Figure 71. Interestingly, this 

version of the model appears to underpredict the maximum size of likely grains, with a dramatic 

underprediction in the likelihood of such grains. As a result, the ensemble-based data has a large region 

where the visualization indicates 0% likelihood of any grain size, due to the grains in this region being 

larger than the cutoff point determined using the model’s predictions. This contrasts quite starkly to the 

previously presented results, from the second version of this model, which showed a significant 

overprediction of the maximum size of likely grains. For a more direct comparison, the results of the 

second iteration of the model, plotted using the same cutoff point scheme, can be seen in Figure 72. 

While both versions of the model produce the same banding artifacts across the central regions of the 

part, the first iteration of the model does a much better job at predicting the grain size distributions 

around the extremities of the part. Despite this improved prediction of the patterns, the first iteration of 

the model performed much worse overall, with an average MSE of 1.43E-3, which is 1.5 times higher 

than the MSE of the second iteration of the model. 

 

Figure 71 – Cross-section of the 60-layer P80V130 (Far Extrapolation) case as predicted by the first model created for testing this 
scenario, plotted using the 0.5% cutoff. The model significantly underpredicts the size of likely grains, resulting in the ensemble-

based statistics having a large “0%” probability region due to the grains being larger than the cutoff. The magnitude of this 
under-prediction is unknown. Red:0-32μm, Green:32-64μm, Blue:64-120μm. 
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Figure 72 – Cross-section of the 60-layer P80V130 (Far Extrapolation) case as predicted by the second version of the model 
created for this scenario, plotted using the same cutoff scheme as was used in the previous figure with the first model. Red:0-

112μm, Green:112-224μm, Blue:224-336μm. 

These differences in the two versions of the model trained on the same data, when making 

predictions about the same case illustrate the difficulties in definitively quantifying the accuracy of such 

a model when making predictions. With that said, this case was intentionally chosen as an outlier in the 

dataset, with a higher laser velocity and many more thin layers than others. These results illustrate the 

importance of adequately covering the LPBF process-parameter space of interest when creating training 

data for the model. 

4.5.4 Conclusion 

Overall, these results show that the model often struggles with making predictions about new 

situations, particularly in extrapolation and sparse data situations. However, the ability of the model to 

make reasonable predictions about large regions of many of the cases included here is promising. These 

results highlight some of the pitfalls that the model architecture currently has, and provide insight about 

how some of them might be avoided. Particularly these results indicate the need for a more diverse 

training dataset, and indicate that intermediate layers of prints need further consideration. 

4.6 Supplementing the Training Data with Small Ensembles 

In addition to the original questions around the influence of ensemble size on model accuracy 

discussed in Section 4.2, we further wondered if some of the deficiencies in the model’s predictive 

power, caused by gaps in the parameter space covered by the training data, could be improved by 

augmenting the training data with small ensembles that cover those gaps. Much like with the original 

hypothesis in Section 4.2, it was reasoned that the model should be able to make predictions that are 
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more accurate than these small ensembles, possibly to a greater degree due to the other larger 

ensembles also included in the training data. 

To test this, three new versions of the model were trained from scratch using the largest 

available ensembles for all cases but the P225V72.5 case – the sparse data interpolation case from the 

previous section – from which only 5, 10, and 25 simulation ensembles were included. The three new 

models were then used to make predictions about the P225V72.5 case. 

4.6.1 Discussion 

As noted in with the sparse interpolation predictive power results in Section 4.5.3.4, the results 

of the predictive power analysis and the ensemble size analysis in Section 4.4, point to a complicated 

relationship between training data and model accuracy. Specifically, we showed that the model makes 

more accurate predictions about this case when data for it is not included in the training set, than it does 

when the entire training set uses small ensembles. This can be seen in Figure 73, which shows the 

model’s prediction for this case when not trained on it, alongside the prediction when all training data 

uses 5-simulation ensembles. While this outcome is somewhat unintuitive, this behavior makes some 

sense, as small sampling sizes can significantly skew distributions, and poor-quality data can make it 

difficult to learn relationships.  
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Figure 73 – Cross section showing the model’s prediction for the P225V72.5 case when not trained on it, i.e. an ensemble size of 
zero (top) and when all training data is 5-simulation ensembles (bottom). Despite significantly overpredicting the size of the 

largest likely grains, the model has a much better overall accuracy in the predictive case than in the 5-ensemble dataset case. 
Top) Red:0-128μm, Green:128-256μm, Blue:256-392μm. Bottom) Red:0-96μm, Green:96-192μm, Blue:192-296μm. 

4.6.2 Results 

Starting with the case where only 5 simulations are used in the training data for this test case, 

shown in Figure 74, we can see that much like in Sections 4.2 and 4.4 the model’s predictions when 

trained on this small ensemble are more accurate than the ensemble itself. Additionally, we see that the 

model’s ability to predict the statistical structures in the microstructure are greatly improved over the 

model where no data from this case was included in the training data. However, this version of the 

model has a lower accuracy for this case than both the model trained with only 5-simulation ensembles 

and the model trained without any data for this case. This behavior may indicate that this specific 5-

simulation ensemble, which is the same one used in Section 4.4, may be decreasing the overall accuracy 
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of the model for this case. It is also possible that the behavior observed here is due in part to particularly 

lucky or unlucky instances of the random model initialization or random splitting of the data into test and 

training splits. However, as such large discrepancies between models have not been observed in other 

tests, and all scenarios being discussed are the same case, it seems much more likely that it is due to the 

data. 

 

Figure 74 – Cross section of the P225V72.5 case, showing the model’s prediction when a 5-simulation ensemble for this case is 
added to the training data (top) and the 5-simulation ensemble itself (bottom). The model’s prediction has a lower MSE than the 
5-simulation ensemble in the training data, when compared to the full ensemble for this case. Visualized using the 0.5% cutoff. 

Top) Red:0-88μm, Green:88-176μm, Blue:176-272μm. Bottom) Red:0-64μm, Green:64-128μm, Blue:128-200μm. 

While this prediction is significantly worse than the prediction by the model which did not 

include any training data for this case, the continued improvement of the model’s accuracy over the 

training data does at least indicate that including small ensembles in the model’s training data will result 

in better predictions than relying on the small ensembles alone. 
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Moving on to the scenario where the 10-simulation ensemble has been added to the training 

data in Figure 75, we find that the accuracy has significantly improved with an MSE lower than the only 

5-simulation ensembles scenario, but still higher than in the no-data scenario. Qualitatively, we find that 

the model’s prediction of the statistical patterns has improved, with large regions that are nearly 

identical. 

 

Figure 75 Cross section of the P225V72.5 case, showing the model’s prediction when a 10-simulation ensemble for this case is 
added to the training data, visualized using the 0.5% cutoff. Red:0-88μm, Green:88-176μm, Blue:176-264μm.  

Finally, adding a 25-simulation ensemble to the training data in Figure 76 qualitatively results in 

nearly perfect prediction of the statistical patterns, and an MSE that is lower than that of the prediction 

in the predictive power scenario. While the MSE is still not as good as if we had trained the model on a 

larger ensemble for this case, it’s clear that amending the model’s training data by adding a 25-

simulation ensemble improved its accuracy.  
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Figure 76 – Plots showing the accuracy of the model when a 25-simulation ensemble is used as training data for this test case. 

From these results we can conclude that including some data is better than no data for the 

purposes of predicting the statistical structures. However, we have also shown that using particularly 

small ensembles can lead to cases where the model’s accuracy decreases due to the low accuracy of the 

training data. This gets significantly less likely as the ensemble size increases, but a trade-off must be 

made between parameter space coverage and ensemble accuracy. When adding data in regions of the 

process space where it is possible that the model has sufficient training data, it is likely necessary to use 

a larger ensemble to ensure that there is no regression in accuracy due to low accuracy of small 

ensembles. However, as we have shown here, even much smaller ensembles (i.e. 25) than those used in 

the rest of our training data (i.e. 100-200) may be sufficient to avoid this. 

4.7 Conclusions 

Here we have shown that our surrogate microstructure model makes accurate predictions about 

grain size distributions produced by the LPBF process. More specifically we have shown that the model 

learned to average out the stochasticity in a way that outperforms the accuracy of the SPPARKS 

ensembles used to train and test it. Additionally, we showed that the model achieves a reasonable level 

of accuracy when making predictions for some LPBF process parameters not included in the training 

data. Finally, we showed that the averaging behavior of the model lends itself to training the model on 

smaller ensembles than those used to train the majority of the models analyzed in this work. We suspect 

that this behavior could be leveraged in future versions of the model to fine tune it for regions of the 

LPBF parameter space not included in the existing dataset. 
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4.7.1 A Discussion on The Importance of Accuracy 

Before we move on, it is worth addressing an interesting question that arises from the behavior 

observed here: how accurate is accurate enough? While in real-world applications, the model is likely to 

be used for making predictions for cases that it has not seen before and for which we do not have data 

against which we can measure its accuracy; here we have shown that we can control the baseline 

accuracy of the model by adjusting the size of the training ensembles. This is a particularly interesting 

question because of how different this surrogate model is from both conventional simulations and 

conventional microstructure representations. 

In conventional simulations, the accuracy of a model is determined by some combination of the 

accuracy of the inputs and parameters, how well the model captures the underlying phenomenon, and 

the influence of some simulation specific parameters that control numerical accuracy; often in a way that 

inversely affects the speed of the model. While there are some analogues to the surrogate model, for 

instance the accuracy of the thermal model can be changed to affect the accuracy of the surrogate 

model’s inputs, the current iteration of the model does not allow for any decisions to be made at run-

time. Instead, the decisions made about the one-time cost of creating the training data have the most 

significant influence we have observed on the baseline accuracy of the model, with no influence on the 

speed of the trained model. The fact that this is a one-time cost makes it tempting to prioritize large 

ensembles so that there is certainty in the model’s accuracy. However, there is a tradeoff to be made 

here between the size of the training ensembles and the number of cases included in the training data. 

As observed in Section 4.5, and consistent with the expected behavior of a data-driven model, the 

coverage of the parameter space influences the accuracy of the model when making predictions about 

new cases. While increasing the size of the ensembles used for training increases our confidence in the 

baseline accuracy, for a fixed computational cost it also decreases the coverage of the parameter space 

and by extension the predictive power of the model. These considerations make the desired accuracy of 

the model a particularly important question. 

Additionally, the desired accuracy of the model is a particularly interesting question because the 

model is not trying to predict the individual microstructures produced by conventional models or 

experimental imaging, but instead trying to predict the statistics one would get from running the same 

simulation or experiment many times. This is important context for this question because, while we have 
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shown the model can meet or exceed the accuracy of large training ensembles, it would be unusual to 

run the same simulation or experiment hundreds of times to get the types of statistics the surrogate 

model predicts. While this does mean that the actual applicability of the statistical representation used 

here is unknown, as they are unconventional, it also means that the accuracy achieved by training on 

even very small ensembles is as good or better than generally achieved using conventional methods. For 

instance, in Section 4.4 we showed that the model trained on ensembles of just 5 simulations was as 

accurate as getting the same statistics by running a simulation of every training case 25 times. While we 

showed that this results in poor reproduction of many of the statistical patterns, and does not 

necessarily hold when making predictions about new cases, it demonstrates that even a very inaccurate 

model is more statistically reliable than all but the most thorough uses of conventional methods. 

This does raise the question of how accurately the model can predict the real-world statistics of 

the LPBF process, as every layer of the model creation requires approximations, and none of those layers 

have been calibrated to the same extent that our model has been trained. However, the reliance of the 

underlying models on physical relationships is more reliable than the data-driven approach taken by our 

model, and analyzing the statistical significance of the SPPARKS model is not within the scope of this 

research.  
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Chapter 5 Understanding The Surrogate 

Model 

5.1 Introduction 

While the findings of the previous chapters indicate that the model framework can create a 

surrogate LPBF microstructure model that can quickly and accurately predict microstructure statistics, 

the framework relies on several assumptions which have not been directly tested. In this chapter, we will 

work to better understand the accuracy and implications of two such assumptions by exploring the 

relationships between the surrogate model and the thermal characteristics. 

First, we will work to understand if all the thermal characteristics selected to represent the LPBF 

process to the surrogate model are necessary, and determine to what extent the model is learning 

meaningful relationships. Second, we will explore how well the model framework creates the diversity of 

data needed to train a surrogate model that can generalize to new situations. 

5.2 Measuring the Importance of the Selected Thermal Characteristics 

The thermal characteristics chosen to represent the thermal history of the LPBF process to the 

surrogate model were selected based on known relationships between thermal processes and 

microstructure formation. However, these thermal characteristics, and the relationships used to choose 

them, do not capture the full complexity of the solidification and microstructure formation process. 

Instead, the chosen thermal characteristics are a best guess at the minimal amount of information 

needed to accurately predict the microstructure statistics that will result from a given LPBF process. 

Though it is not definitive, the previously demonstrated ability of the model to learn from the training 

data and make reasonably accurate predictions indicates that the chosen thermal characteristics are at 

least somewhat sufficient for modeling the LPBF process. Here we will work to better understand the 

relationships the model uses to make predictions and determine the necessity of each of the thermal 

characteristics for making accurate predictions about the resulting microstructures. 

If the model relies on all nine of the thermal characteristics to some extent when making 

predictions, it would indicate that the selected thermal characteristics are a useful representation of the 

LPBF process, though it would not rule out the potential usefulness of other thermal characteristics that 



P a g e  130 | 176 

were not included. Conversely, if any of the thermal characteristics are not consistently used by the 

model, it would indicate that the thermal characteristics in question are not needed to represent the 

process. In such a case, it may then be possible to reduce the number of thermal characteristics 

calculated by the thermal model, and simplify the surrogate microstructure model, accelerating both 

model training and inference. However, further analysis would be necessary, as it may also be possible 

that the model relies on certain thermal characteristics only some of the time. In addition to the 

potential reduction in the computational cost of the model, the insight this analysis provides into the 

model will allow us to determine if the model is consistent with known relationships between thermal 

processes and microstructures. This is particularly important given the model’s intended use in 

engineering optimization applications, where having some confidence that the model is using reasonable 

relationships to make predictions is valuable. 

5.2.1 Method 

At its core, this analysis is a machine learning interpretability analysis, as we wish to examine the 

influences of the model’s inputs on its predictions. However, due to differences between the surrogate 

model and the neural networks for which most machine learning interpretability methods have been 

designed, existing methods are not directly applicable. Despite this, existing machine learning 

interpretability methods provide a useful starting point for our analysis. 

One of the most straightforward classes of methods for machine learning interpretability of 

spatial data is the saliency map, examples of which can be seen in Figure 77. The most basic method for 

generating saliency maps is to take the derivative of the output of interest with respect to each value in 

the input [160]. This provides insight into which values of the input would affect a given output from the 

model the most if they were to change, in effect highlighting which regions of the input are the most 

important for a given model prediction. This works particularly well for image classification and language 

models, where the patterns that emerge are easily understood by humans; however, the surrogate 

model has two key differences from such models. First, unlike with image classification and language 

models, where only one model output is of interest at a time1, all 51 of the surrogate model’s predictions 

 
1 Image classification and large language models typically also produce a vector of “probabilities” like the surrogate 
model, but they typically only return which value is considered the most likely. 
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are of equal importance. Second, the true relationships between the thermal characteristics and 

microstructure statistics are not already known, so this method of highlighting regions of importance for 

a given model prediction is less intuitive. 

 

Figure 77 – Illustrations from Selvaraju et al [161] depicting saliency maps generated using several methods, reprinted with 
permission from Springer Nature. 

As we are interested in the overall importance of each of the thermal characteristics, rather than 

the specific relationships used in each prediction by the model, we can overcome these differences by 

generating a saliency map for the statistical behavior of the model. To do this, we start by expanding the 

most basic method for generating saliency maps – the derivative of the output of interest – to cover all 

of the values output by the model, giving us the Jacobian matrix – the derivative of all values in the 

output with respect to all values in the input. As we are not interested in the influence of the thermal 

characteristics on each of the grain size bins individually, but rather as a whole, we then take the mean 

and standard deviation of these derivatives across the 51 output values. Additionally, because we are not 

interested in the influence of the thermal characteristics on any given surrogate prediction – as we do 

not know the true relationships – we calculate these statistics across many predictions. The result, which 

is an array with the same size as the model’s input window, is a statistical representation of the influence 

of each of the 9 thermal characteristics of each voxel of the model’s input window on the model’s 

predictions across the entire dataset.  

Because the Jacobians have both positive and negative values due to the input values both 

increasing and decreasing the probabilities of each grain size, the means of the Jacobians are not 

necessarily representative of the average influences. Instead, it is necessary to consider both the means 
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and the variances of the Jacobians to determine how frequently the influences of the thermal 

characteristics are near zero. To reduce the computational cost of calculating the variance, Welford’s 

method (Equation ( 7 )) was used, which allows for the calculation of both the mean and variance in a 

single pass over the data. While this does reduce the accuracy of the variance due to compounding 

numerical precision error, the high computational cost of the Jacobian calculations made this a 

worthwhile tradeoff [162,163]. 

 𝑠𝑁
2 =  

(𝑥𝑁 − 𝑥̅𝑁)(𝑥𝑁 − 𝑥̅𝑁−1)

𝑁 − 1
 

( 7 ) 

𝑠𝑁
2  is the variance being measured, as of sample 𝑁,  𝑥𝑁 is the sample being used to update the variance, 

and 𝑥̅𝑁 and 𝑥̅𝑁−1 are the current and prior means of all samples measured, respectively. With this data, 

we have a representation of the influence of each voxel of the input, for each of the nine thermal 

characteristics, on the model’s predictions across a wide variety of situations. However, two problems 

remain which must be addressed to make the data useful. First is that the Jacobian is an indirect 

measure of importance, in that it indicates how much the output would change if a given value of the 

input were to change, with no consideration for the likelihood of that change. Say for example that a 

given value in the input was fixed across all samples while training. This could potentially result in a 

model that is mathematically highly sensitive to changes in that value simply because the training 

algorithm had little guidance on how to treat changes in that value. While this is a contrived example, it 

demonstrates the challenges of using derivatives as a measure of importance. The second problem is 

that, unlike with image data, where the 3-channels have the same bounds and similar behavior across all 

possible images, the nine thermal characteristics used to represent the LPBF process have different 

behaviors and no prescribed bounds. As a result, the magnitudes of the Jacobians cannot be directly 

compared across the nine thermal characteristics.  

To account for both of these challenges, we can scale the resulting Jacobian data according to 

the values found in the inputs. Because the Jacobians are a measure of how much the output would 

change for a given change in the inputs, we can scale the Jacobians by the variances of the thermal 

characteristics, which represent how much each of the values changes across the dataset. The result is a 

representation of the importance of each of the nine thermal characteristics that accounts for how much 

variation occurs within each of the thermal characteristics. 
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5.2.2 Intermediate Results 

While the intermediate results – the raw statistics of the thermal characteristics and Jacobians – 

do not provide the full picture of the relative influences on the model’s predictions, they can provide 

some useful insights. Because there are 9 thermal characteristics, each with 4 intermediate results (the 

means and variances of both the Thermal Characteristics and the Jacobians), here we only show a subset 

of the results that demonstrate interesting features.  

Thermal Characteristic Statistics 

Starting with the variance of the melt count across the entire dataset, visualized in Figure 78 as a 

volumetric rendering of the input window, and the corresponding cross section. Here we can see the 

statistical variance of the melt count of each voxel of the input window, measured across all data in the 

dataset. Because the cross sections reveal more detail, the remainder of the results will be shown as 

cross sections. While this does result in the loss of some information, the centermost voxel is the voxel 

about which the model is making predictions, making the central region of these results generally the 

most interesting. In this figure, we see that there is a slightly lower variation of the melt count along the 

central lateral plane of the input window, with the lowest variance near the center, though all values are 

in the same order of magnitude. 

   

Figure 78 – A volumetric render of the deviation of the melt count for every voxel in the input window, measured across all 77 
million input windows in the dataset. Left) The whole input window. Right) The cross-section of the input window, which reveals 

more information. 
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Looking at the variance of the temperature gradient in the z-direction – in the build direction – in 

Figure 79 we see a case where the values are directionally biased, with a somewhat higher deviation 

below the central plane. 

 

Figure 79 – Deviation of the temperature gradient in the z-direction. 

In addition to the regular patterns visible with some of the characteristics, in Figure 80 we see an 

example of a characteristic where the deviation is much less regular: the time spent in the nucleation 

temperature range.  

 

Figure 80 – Deviation of the time spent above the nucleation temperature. 
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Jacobian Statistics 

Next, we will consider the statistics of the Jacobians, starting with the mean Jacobian for the 

time spent above the nucleation temperature in Figure 81, which has a distinct pattern in its values when 

cut along the x-z plane. While, for the most part, the means of the Jacobians were not found to be 

particularly revealing on their own, this case illustrates several patterns which can exist particularly well.  

 

Figure 81 – The mean Jacobian of the surrogate model's predictions with respect to the nucleation time, averaged across all 
grain size bins and model inputs. 

Here we can see, starting at the centermost voxel of the input window – which corresponds to 

the voxel for which the model is predicting the microstructure statistics – a particularly negative average 

Jacobian. This is likely indicative of a strong bias in the underlying relationships the model has learned, as 

the centermost point cannot be biased by the directionality of the data. Specifically, it appears to 

indicate that for at least some of the grain size bins in the output distributions, the amount of time spent 

in the nucleation regime is inversely proportional to the probability of those bins occurring, to a 

significant enough degree that it cancels out any positive correlations. Because these values are 

averaged across all the bins of the output probabilities, it is impossible to say exactly what grain sizes this 

strong inverse correlation belongs to without the significant computational costs of re-calculating the 

Jacobians. While it ultimately fell outside the scope of this work, such an analysis could reveal interesting 

relationships that are broadly applicable, beyond this surrogate model, between these thermal 

characteristics and grain size distributions which may not be readily apparent using more conventional 

methods. 
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Moving out from this central point, we find that the correlation quickly becomes positive to a 

similar degree, indicating the opposite, that there are some grain size bins that have increased 

probabilities when close neighbors spend elevated times in the nucleation temperature range. This is 

likely, once again, a bias in the underlying relationship the model has learned, as the pattern appears to 

be largely symmetrical, indicating a lack of directionality. 

Moving out from the center once more, we find that the mean Jacobian has dropped down near 

zero. As discussed in the methodology, a mean Jacobian value near zero is more in line with what we 

expect to see across the majority of all voxels in the nine thermal characteristics, except where there is 

either a strong bias in the underlying relationships the model has learned – as with those we have just 

discussed – or in the data. Moving out from this near-zero shell, we see a much less symmetrical pattern, 

indicating that the directionality of the spatial relationships which exist in the data fed into the model 

while calculating the Jacobians has resulted in a slight directional bias in the Jacobian field. As discussed 

in the methodology, this is not indicative of a failure in the model or data, but instead of a pattern in the 

data, on average, which the model has used when making its predictions. 

Switching from the means of the Jacobians to the variances, we find that the values are often 

much more homogeneous across the domain of the window. This can be seen in Figure 82, where we 

show the variance of the nucleation time Jacobian using both a linear scale and a logarithmic scale, 

which does a slightly better job of highlighting small variations across much of the domain. While the 

mean of the nucleation time Jacobian had a very distinct pattern when cut along the x-z plane, the 

variation does not have a similar pattern, as can be seen in Figure 83. 
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Figure 82 – The variation of the Jacobian with respect to the nucleation time, plotted using a linear and log scale to better 
highlight small variations. 

 

Figure 83 – The variation of the nucleation time Jacobian, cut along the same plane as the mean. The variation does not mimic 
the distinct pattern seen in the mean. 

While the Jacobian deviations for many of the thermal characteristics are similarly 

homogeneous, in some of them we find distinct evidence of the first down-sampling layer of the model 

architecture, where the input window is reduced from 25 voxels across to 5 patches across. While this is 

visible to some extent in many of the thermal channels, it is particularly visible with the maximum reheat 

temperature as can be seen in Figure 84. Here we can see, particularly when moving along the top in the 

y-direction, a repeating pattern of 5 cubes, with slightly higher variation along the edges and at the 



P a g e  138 | 176 

centers of the cubes. It’s not immediately clear if this is problematic for the performance of the model, 

though it is not reflective of any patterns seen in the raw thermal characteristic data. 

 

Figure 84 – Deviation of the maximum reheat temperature Jacobian, which clearly illustrates the influence of the first down-
sampling layer of the model architecture. 

In addition to this distinct influence of the model architecture, the variation of the Jacobian also 

shows evidence of the model learning particular relationships. This can be seen in Figure 85, which 

shows the deviation of the Jacobians with respect to the three thermal gradient channels. In these 

figures, it is clear that the model’s predictions often rely on the thermal gradients surrounding the 

centermost voxel – the voxel for which predictions are being made. And, most notably, for all three 

gradients, the model has learned to look in the direction of the gradient in question, indicating that it has 

learned relevant spatial relationships from these channels. 
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Figure 85 – Deviation of the Jacobians with respect to the three directional temperature gradients. The model assigns the most 
importance to the neighboring voxels in the same direction as the gradient components, indicating that it has learned the 

directionality of the three components. 

5.2.3 Results 

Now that we have explored some of the intermediate steps of this analysis, we will first discuss 

the overall findings from scaling the Jacobians with the thermal characteristic variances before exploring 

the results in detail. After scaling the statistics of the Jacobians with the variations of each of the thermal 

characteristics, we find that the thermal characteristics have similar levels of influence on the surrogate 

model’s predictions. As previously noted, the averages of the Jacobians are not uniformly zero, indicating 

that the thermal characteristics all have regions which are in some way correlated with the average 

behavior of the predicted grain size distributions. This does not mean that these regions are correlated 
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with specific grain sizes or the average grain size, instead it indicates that across all grain sizes, there is on 

average a net increase or decrease in the probabilities that is correlated with the regions with non-zero 

mean influence. Interestingly, all thermal characteristics appear to have regions of both positive and 

negative average influence. For some thermal characteristics such as the solidus and annealing times, 

the regions with a negative average value are larger in magnitude than the positive values, though they 

occupy a smaller overall region. These regions of positive and negative average influence are generally 

most prominent in the immediate vicinity of the central voxel of interest, indicating that the thermal 

history of these neighboring voxels are of particular importance for determining the grain size 

distribution due to the consistency of the relationships. 

While there are clear net influences present, the magnitudes of these influences are much 

smaller than the variation present in the influence, indicating that the average net influence is not the 

deciding factor in the predicted grain size distributions. Because of this, while the net influences are an 

interesting phenomenon, and may be worth studying further, they do not indicate that the surrogate 

model can be simplified to a small number of correlations. Looking at the magnitudes of the expected 

influence more closely, we find that each of the thermal characteristics has a similar overall influence, 

with only about one order of magnitude separating the thermal characteristics with the highest and 

lowest influences. 

Cooling Times 

Starting with the importance of the times spent above each of the 3 cooling temperatures, 

depicted in Figure 86-Figure 88, we find that all three of them have mean influences that are largely 

close to zero. Interestingly, all three have a negative average at the centermost voxel and a lower 

magnitude positive region surrounding it. Additionally, both the time spent above the nucleation 

temperature and the time spent above the solidus temperature have regions of slightly negative mean 

influence directly below the central region, a behavior that is not readily apparent with the annealing 

time. Overall, of the three, the annealing time appears to have the largest overall influence, as evidenced 

by having the largest scaled variance. While the annealing time itself also has the most variation of the 

three, the maximum variance of the annealing time is 6.3 times larger than that of the nucleation time, 

as shown in Figure 89, which does not account for the full 17.6 times increase of the scaled influences. 

This suggests that the surrogate model is influenced by the annealing time about 3 times more than it is 
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by the nucleation time. Another feature of interest here is the apparent increased influence of the 

cooling times at or below the center layer of the input window, as indicated by the higher values in the 

variation of the influence. As there is no matching pattern in the variation of the cooling times 

themselves, particularly the nucleation time where this effect is most visible, this indicates that the 

model itself is assigning increased importance to the lower half of the input window. While it is hard to 

draw any definitive conclusions from this, this behavior may contribute to the poor model performance 

for intermediate layers, where the regions above the point of interest should be of increased 

importance. 

   

Figure 86 – Mean and variance (left and right respectively) of the Jacobians with respect to the Nucleation time, scaled by the 
variance of the Nucleation time.  
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Figure 87 – Mean and variance (left and right respectively) of the Jacobians with respect to the Solidus time, scaled by the 
variance of the Solidus time. 

   

Figure 88 – Mean and variance (left and right respectively) of the Jacobians with respect to the Annealing time, scaled by the 
variance of the Annealing time. 
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Figure 89 – Variances of the nucleation time and annealing time thermal characteristics. The maximum variance of the 
annealing time is 6.3 times that of the nucleation time. 

Maximum Reheat Temperature 

Moving on to the influence of the maximum reheat temperature, Figure 90, we find a very 

similar behavior to the influence of the cooling times. The primary difference is in the mean influence, 

which has subregions scattered throughout the input window with different mean influences. As it turns 

out, these are the same artifacts that were visible in the unscaled variances of the Jacobian with respect 

to the reheat temperature shown in Figure 84, as can be seen in Figure 91, which shows the mean 

influence plotted on a false scale. Overall, the maximum reheat temperature appears to have a similar 

magnitude of influence on the model’s predictions to the cooling times. 
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Figure 90 – Mean and variance (left and right respectively) of the Jacobians with respect to the Maximum Reheat Temperature, 
scaled by the variance of the Maximum Reheat Temperature. 

 

Figure 91 – Mean Jacobian with respect to the Maximum Reheat Temperature, scaled by the variance of the Maximum Reheat 
Temperature, adjusted to emphasize pattern created by the down sampling layer of the model. 

Melt Count 

The mean influence of the melt count on the grain size distribution is particularly interesting, as 

it has a very distinctive pattern that is not present in other results. As can be seen in Figure 92, there are 

six specific voxels along the 3 axes, surrounding the central point, which have a net positive correlation 

with the grain size distribution. Within this same vicinity around the central voxel, there are specific 

regions with an overall negative correlation. Because this pattern appears to be aligned to the non-

physical grid and axes of the simulation, it is likely that this is in some way an artifact of the simulation 
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data and should be explored further. One possible explanation is that the melt count is a particularly 

good indicator of the microstructure formation behavior when the laser scan direction is aligned with 

the grid. Alternatively, it is possible that the large number of samples that had a grid aligned scan 

direction skewed the data, as all cases have at least one grid aligned layer. Another similar explanation 

would be that the cases with 90 and 45-degree laser scan direction rotations between layers significantly 

skewed either the samples or how the model interprets the melt count. Another possible cause is that it 

is a deeper problem with the data generation, and is indicative of some non-physical behavior of the 

SPPARKS microstructure simulations. 

   

Figure 92 – Mean and variance (left and right respectively) of the Jacobians with respect to the Melt Count, scaled by the 
variance of the Melt Count. 

While this behavior warrants further investigation, the variance of the influence appears more 

consistent with the other results, though it also shows strong artifacting from the down-sample 

convolution layer. Overall, the melt count appears to have slightly more influence on the model’s 

predictions than the nucleation time. 

Cooling Rate 

Of the thermal characteristics, the cooling rate appears to have the most localized influence on 

the surrogate model’s predictions. While the overall variation of the influence of the cooling rate is 

similar in magnitude to the other thermal characteristics, both the variation and mean have a very 

localized peak at the central voxel. Though the localized cooling rate, in conjunction with the 

temperature gradient, is known to have a direct relationship with microstructure formation kinematics, it 
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was expected that, because there is a definitive relationship with this thermal characteristic, the model 

would rely heavily on the behavior of the surrounding voxels. Instead, it appears that the model relies 

heavily on this characteristic for the voxel of interest, with a similar importance to the other thermal 

characteristics for neighboring voxels. The variance of the importance also appears to once again 

indicate that the model assigns slightly increased importance to the bottom half of the input window, 

similar to the cooling times. As the cooling rate and the cooling times are correlated for regions that are 

not reheated, the consistency of this behavior makes sense here. 

   

Figure 93 – Mean and variance (left and right respectively) of the Jacobians with respect to the Cooling Rate, scaled by the 
variance of the Cooling Rate. 

Temperature Gradients 

Finally, looking at the temperature gradients, we find the most distinct indication that the model 

has learned a physically meaningful concept. Take for instance the importance of the x-component of the 

thermal gradient, shown in Figure 94, here we see that the model assigns increased importance to the 

voxels on either side of the central voxel of interest in the direction of the x-axis. We find that this 

behavior holds true for the y and z-components, illustrated in Figure 95 and Figure 96 respectively. 

Furthermore, when looking at the mean influence of each component, we find that the average 

influence of these regions is either positive or negative, depending on which side of the central voxel 

they fall. This indicates that the model has not only learned what each of these three thermal 

characteristics represent, but also learned the spatial meaning of the sign of the gradients. Looking at 
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the influences of the thermal characteristics as a whole, it is clear that they have a similar overall 

importance to the model’s predictions as the other thermal characteristics. 

 

   

Figure 94 – Mean and variance (left and right respectively) of the Jacobians with respect to the Temperature Gradient in the x-
direction, scaled by the variance of the Temperature Gradient in the x-direction. 

   

Figure 95 – Mean and variance (left and right respectively) of the Jacobians with respect to the Temperature Gradient in the y-
direction, scaled by the variance of the Temperature Gradient in the y-direction. 
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Figure 96 – Mean and variance (left and right respectively) of the Jacobians with respect to the Temperature Gradient in the z-
direction, scaled by the variance of the Temperature Gradient in the z-direction. 

Because we have chosen not to apply the orientation transformations utilized during training to 

this analysis, the three gradient components have differing magnitudes of importances, reflecting the 

directional biases present in the dataset. Were these results to be recalculated using all 48 orientations 

of the data, we would expect to see more consistent behavior between the three components, with any 

variation reflecting the variation present in the model’s learned weights. 

5.2.4 Takeaways 

From these results, we can conclude that all the thermal characteristics are of similar levels of 

importance to the predictions of the surrogate model. While only some of the thermal characteristics 

appear to have distinctive spatial relationships, the strong spatial relationships of the components of the 

temperature gradients indicate that the model is sufficiently capable of learning necessary spatial 

relationships. Overall, we find that the model appears to have learned relationships which it consistently 

relies on, as indicated by the distinct patterns present in the importances, indicating that the model’s 

predictions have some level of physical validity, despite not always achieving an ideal level of accuracy. 

While these results show that the selected thermal characteristics were valid choices to 

represent the LPBF process to the surrogate model, they also reveal some areas that are worth exploring 

further. Specifically, the importance of the melt count should be further investigated to determine if the 

pattern present in the mean influence is an artifact of a deeper problem. Additionally, as the 

temperature gradient importances revealed, it would be worth revisiting these results with random 
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orientation transformations to ensure that the model is properly orientation invariant. Finally, the 

increased variance of the influence of the cooling rate and cooling times below the central layer of the 

input window should be further explored as a potential cause for the decreased accuracy when 

predicting intermediate layers. 

5.3 Coverage of the Thermal Characteristic Space 

Because neural networks generally require a large and diverse training dataset to make accurate 

predictions about cases not included in the training dataset, maximizing the size and diversity of the 

dataset while minimizing the total cost of the expensive simulations used to generate the dataset was 

one of the key considerations when developing the model framework. To achieve this, the voxel-by-voxel 

moving window approach was adopted under the hypothesis that this would result in significantly more 

variation in the dataset than was present in the LPBF process parameters used to generate the dataset. 

The reasoning for this hypothesis was that, despite the inherent repetition of the raster laser scan 

patterns, the complexity of the LPBF process makes it unlikely that any given segment of an LPBF print 

will have the exact same thermal history as another segment from the same print.  

While this hypothesis is somewhat supported by the ability of the model to generalize to some 

LPBF parameters not previously seen, as shown in the previous chapters, here we aim to more directly 

analyze the validity of this fundamental assumption. At its core, this requires addressing how well the 

dataset covers the thermal characteristic space – the space that contains all possible valid combinations 

of the thermal characteristic values that make up the input to the model. Because each input to the 

model consists of 140,625 values – 15,625 voxels with 9 thermal characteristic values each – the thermal 

characteristic space can be thought of as some subregion of a 140,625 dimensional space. For the 

purposes of this surrogate model the bounds of this subregion are a factor of both what is physically 

possible, and what is achievable with the LPBF process. For instance, it is not physically possible to have 

a negative cooling time, and it is not reasonable to expect our model to accurately model wire arc 

additive manufacturing. However, while we can provide such general limitations on the thermal 

characteristic space, it is not possible to provide precise bounds for the thermal characteristic space as 

none of the thermal characteristics have physical upper bounds, and establishing practical bounds would 

require knowledge of all possible LPBF prints.  
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Because of this, it is not possible to quantify how well the dataset covers the thermal 

characteristic space, and we must instead qualitatively evaluate the dataset. In this section we develop a 

methodology for simplifying the high-dimensional data down to an easier to visualize form, which we 

can use to better understand the spread of the dataset. 

5.3.1 Simplified Thermal Characteristic Space 

Though the full 140,625 value model inputs exist in a space that is too high-dimensional to 

visualize directly, we can gain some initial insight into the data by inspecting the distributions of the 

individual thermal characteristic values present in the dataset. This representation of the thermal 

characteristics completely removes all spatial information available to the model, and decouples the 

thermal characteristics that belong to a given voxel. Despite this, this limited representation provides us 

with insight into the behavior of the individual thermal characteristics across the dataset. 

Ideally, the distributions of each of the nine thermal characteristics would cover all values that 

are physically possible in the LPBF process with 316 stainless steel, as it would indicate complete 

coverage of the thermal characteristic space. While it is impossible to know the true ranges of many of 

the thermal characteristics, the majority of them have a lower bound of zero, due to their physical 

meanings. The two exceptions to this are the X and Y components of the temperature gradients due to 

the sign’s representation of directionality, something that is not true for the Z component due to the 

highest temperatures always occurring at the top surface of the print bed. Additionally, the maximum 

reheat temperature has an upper bound at 1723K – the melting point of the 316 stainless steel being 

modeled – as any voxels heated above this temperature are melted and have their reheat temperature 

reset to zero. While the distributions would also ideally cover their ranges uniformly, due to the general 

importance of balanced datasets for machine learning, this simplified representation does not account 

for the full complexity of the problem, and any biases present are representative of the physics of the 

LPBF process. For this reason, uniform distributions are not necessary for this data. 

Figure 97 shows the distributions of each of the nine thermal characteristics for a subset of the 

full dataset, primarily the single-layer cases, plotted as stacked histograms, where each layer represents 

a different LPBF process parameter case. This demonstrates the variations present in each of the nine 

thermal characteristics created by changes in the LPBF process parameters and part geometries. 
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Figure 97 – Stacked histograms showing the distributions of the thermal characteristics across all voxels for several LPBF process 
parameter cases. 

Due to the significant variation in the number of voxels in each simulated part, some of the LPBF 

parameter cases have significantly more influence on the resulting distributions. While this influence 

may be important to understand for the purposes of balancing the machine learning dataset, it obscures 

how the variation in the process parameters influences the variation within the thermal characteristics. 

To counteract this influence, we can first normalize the distributions belonging to the individual cases 
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before agglomerating them into a cumulative stacked probability distribution2. Distributions generated 

using this method, with a much larger subset of the full dataset, can be seen in Figure 98. 

 

Figure 98 – Stacked histograms showing the distributions of the thermal characteristics, across a much larger subset of the LPBF 
process parameter cases, which have been normalized before and after stacking. 

These results show very similar overall behavior to the more limited Figure 97, with somewhat 

larger ranges for the melt count and cooling rate. From these plots, it is clear that there are consistent 

trends in the thermal characteristics which result from the LPBF process, regardless of the specific 

process parameters and geometries. This indicates that while each individual process parameter case 

results in a variety of thermal characteristics, it is unlikely that any process parameter sets exist which 

have significant deviations from these trends. This means both that it would be hard to create a dataset 

 
2 Not to be confused with the statistics terms cumulative distribution or cumulative density function (CDF) 
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which more uniformly covers the thermal characteristic space, and that such coverage may not be 

necessary for the creation of a surrogate model that is generalizable to new process parameters. 

5.3.2 Dimensionality Reduction 

To make the full 140,625 value datapoints more easily representable, while maintaining the 

influence of the spatial information, we can use dimensionality reduction techniques. While there are 

many existing dimensionality reduction methods, these methods generally focus on algorithmically 

reducing the number of dimensions to the smallest representative set [164]. While such methods may 

be useful for some analyses of this dataset, for the purposes of this analysis it is desirable to preserve 

the meaning of the nine thermal characteristics. Additionally, this dataset poses an additional 

complication that must be considered: there are 48 valid orientations for each datapoint (i.e. input 

cube), which must be considered in order to fully understand the distribution of the data. For these 

reasons, we do not use conventional dimensionality reduction methods, but instead develop a method 

to generate a simplified representation of the nine thermal characteristic channels in an orientation 

independent manner. 

Because the spatial relationships present in the thermal characteristic data are important for 

making predictions about the microstructure, it is necessary to encode the spatial relationships when 

dimensionally reducing the data for analysis. Additionally, because the relationships between the 

thermal characteristics and microstructure are not orientation dependent, it is necessary that this spatial 

information be encoded in a way that is also orientation independent. To accomplish this, we first 

establish an orientation invariant reference point against which we can measure. The datapoints can 

then be measured against this datapoint to give dimensionally reduced relative coordinates. To create 

this rotation invariant reference point, we start by averaging all the datapoints in the dataset, giving us a 

datapoint that falls somewhere in the middle of the full dataset when represented in the 140,625 

dimensional space. To make this reference point orientation invariant, we take the 4-dimensional 

representation and average all 48 orientations of the array, maintaining the independence of the thermal 

characteristics in the same way used while training the surrogate model. With this, we now have a fully 

symmetric, rotation invariant average of all possible orientations of all the datapoints in the dataset 

against which to measure. 
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Using the root mean squared error (RMSE), or other distance measures, we can measure the 

distance of each datapoint from this reference point on a channel-by-channel basis, giving us a 9-

dimensional measure of how close each datapoint is to the average of the dataset. While the resulting 9-

dimensional space is still too many dimensions to fully visualize, some of the trends and relationships in 

the data can still be explored using subsets of the dimensions. For example, Figure 99 shows the 

relationships between the dimensionally-reduced cooling rate and each of the 8 remaining thermal 

characteristics, for a subset of the LPBF parameter sets, with each parameter set plotted using a different 

color3. Because each process parameter case has tens of thousands to millions of data points, these plots 

are made using a random sample of 1000 data points from each case, resulting in the clusters appearing 

sparser than they actually are. Despite this artificial sparsity, the overall trends present in each of the 

LPBF cases are clear, and we can see that there is substantial variation both within and between LPBF 

parameter sets. 

 

Figure 99 – Plots showing the relationships between the distances of the cooling rate and each of the other 8 thermal 
characteristics for a sample of datapoints from a subset of the LPBF cases. 

Looking more closely at Figure 99, we see that all of the thermal characteristics can vary 

independently of the dimensionally reduced cooling rate, particularly when the distance of the cooling 

rate from the mean/reference is small, as evidenced by the vertical clusters along the y-axis. In the case 

 
3 There are fewer colors in the color map than there are LPBF parameter cases, so not all points with the same 
color are from the same LPBF case. However, the overlapping of different colors usually make such clusters at least 
partially distinguishable. 
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of the three cooling times, the majority of the variation in the dimensionally reduced cooling rate occurs 

when the cooling times are very near to their mean/reference points. Additionally, we can see that the 

dimensionally reduced cooling rate has a positive correlation with the three dimensionally reduced 

thermal gradients. Because this is dimensionally reduced data, this correlation means that cooling rate 

further from the mean cooling rate corresponds to a thermal gradient further from mean thermal 

gradients, with no bearing on the actual values of the cooling rates and thermal gradients. In contrast, 

the LPBF parameter case corresponding to the blue cluster of the cooling rate-melt count plot has a 

negative correlation between the two dimensionally reduced characteristics.  

Turning our attention to the melt count subplot, we can see that for the LPBF parameter set 

corresponding to the blue points, there is a fairly strong negative correlation. This implies that the 

further from the mean the cooling rate is, the closer to the mean the melt count is, and vis versa. 

However, there does also appear to be a small subset of the blue cluster which has a slight positive 

correlation between the distances of the melt count and cooling rate. This dual behavior supports the 

concept that the complexity of the LPBF process can produce a diverse array of thermal characteristics 

within a small number of LPBF parameter sets.  

While the magnitudes of the distances of each of the thermal characteristics from the reference 

points are all comparable, the values themselves are not directly comparable due to each of the thermal 

characteristics having different physical meanings and the large differences in the magnitudes of their 

respective ranges. As the magnitudes of these distances have no practical meaning beyond comparing 

datapoints within a thermal characteristic, the range of the distances of each thermal characteristic can 

be normalized to a maximum magnitude of one. While this does remove some information about how 

much of the theoretical thermal characteristic space the dataset covers, the lack of prior knowledge 

about the true thermal characteristic space makes this information valueless. However, this scaling does 

allow us to combine the thermal characteristic distances into lower dimensions, for the purposes of 

visualization, without any thermal characteristics overwhelming the others. These normalized and 

combined values allow us to visualize relationships amongst all thermal characteristics simultaneously. 

Figure 100 shows the distances of each of the nine thermal characteristics from the reference point – on 

the x axes – versus the combined distances of the remaining eight thermal characteristics – on the y axes 

– for a random sample of 1000 datapoints from each process parameter case. 
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Figure 100 – Plots showing the relationships between each of the thermal characteristics and the combined total of the 
remaining 8 characteristics for 1000 datapoints from each LPBF parameter set. 

From these plots it is clear that while there are trends within the data, there is also a significant 

amount of variation. Additionally, the maximum value of the combined values is consistently around 

1.75, much lower than the theoretical maximum of 8, indicating that datapoints with the furthest 

distances from the reference point on one thermal channel are not necessarily the furthest on the other 

thermal channels. 

Taking a closer look at the individual plots, starting with the melt count, we see that there is a 

significant amount of variation among the other thermal characteristics when the melt count is near the 
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mean. Interestingly, this variation significantly decreases as the melt count gets further from the mean. 

This holds true for all of the LPBF parameter sets plotted, but is particularly distinct with the green 

dataset. While it’s not clear what the cause of this behavior is, it is hard to say definitively if this behavior 

is incompatible with our goal of maximizing the coverage of the thermal characteristic space without 

further investigation of this scenario. This is because, while at face value a strong correlation in the data 

indicates a lack of spread, a strong correlation may simply indicate that we are reaching the bounds of 

possible outcomes of the LPBF scenario, which is ideal for fully covering the thermal characteristic space.  

Moving on to the maximum reheat temperature plot, we can see that there is room to expand 

the diversity of the dataset for low distances of the reheat temperature from the mean, as indicated by 

the few datapoints which do fall in this range. Interestingly, there is a fairly consistent lower bound to 

these clusters, which may indicate that we are nearing the bounds of the thermal characteristic space, 

though it may be possible to expand beyond this with process parameter variations not included in the 

dataset. 

Next, looking at the cooling rate plot, we can see that the majority of the cooling rate distances 

are less than six tenths of the maximum. While this may be exacerbated by the random sampling of the 

datapoints, it indicates that the regions of the thermal characteristic space furthest from the reference 

point are not as well covered as the closer regions. Additionally, here we see an interesting pattern, 

where the highest values of the 9 combined thermal characteristics drop sharply as the cooling rate 

moves further from the reference before quickly increasing after passing a certain point, creating a cleft 

in the plot, a feature which is mirrored to some extent in the remaining plots. 

Moving on to the x and y directions of the thermal gradients, we see nearly identical behaviors. 

This is to be expected as, for the most part, the behavior of the LPBF process is identical in the x and y 

directions, which are both in-plane. The only variations we expect to see here are due to sampling and 

the influence of the default orientation used when setting up the simulated LPBF prints. Once again, we 

can see a distinct cleft in these two plots, and an overall positive correlation resulting in an “upper 

triangular” shape. While the z-direction of the thermal gradient has similar overall patterns, with each 

cluster having a similar overall shape and position to the corresponding x and y cluster, each of the 

clusters appears to be spread across a wider range of z-gradients. This is interesting as it indicates that 

the z-direction of the thermal gradient has slightly different correlations with the other thermal 
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characteristics than the x and y directions. Additionally, it appears that some of the clusters – particularly 

the vertical pink cluster – also have a slightly weaker correlation; however, the much stronger diagonal 

behavior indicates a stronger correlation overall. 

Finally, looking at the cooling times, we see a distinct pattern across all three. From this pattern 

it is clear that there is a strong relationship between the distance of the cooling times from the reference 

points and the combined distances of the other channels. Interestingly, the strength of this relationship 

appears to increase as we go from the nucleation time to the annealing time, as indicated by the smaller 

spread of the datapoints. This may however be an artifact of the differing magnitudes of the three 

cooling times, as a small variation in cooling time may be a much larger percentage of the nucleation 

time than of the annealing time, resulting in a more visually obvious difference. Despite this strong 

relationship, there is also a large amount of variation in the other channels when the cooling rates are 

close to the reference points. In the annealing time plot, the green cluster which protrudes from the 

upper regions of this vertical region seems to indicate that it may be possible to find process parameters 

which reduce the size of these cleft regions. These parameter sets would be important to include in the 

training data, as while they appear to be uncommon, their behavior differs substantially from the rest of 

the dataset, which may result in decreased model accuracy. Additionally, like with the cooling rates, the 

majority of the data occurs in the lower half of the cooling times, with a few outliers and parameter sets 

in the upper half, indicating that more data may be needed to fully cover these thermal characteristics. 

5.3.3 Takeaways 

While it is not possible to quantify how well the dataset covers the thermal characteristic space, 

it is clear from this data that the hypothesis – that the moving window approach would create 

significantly more variation than is present in the process parameters alone – holds true. Despite this, it 

is also clear that the cooling rate and cooling times channels are not as well covered as the other thermal 

characteristics, and that more process parameter sets need to be included to create consistent coverage. 

While the distinct edges and strong correlations of many of the clusters appear to indicate regions which 

the dataset does not cover, these may instead be indicative of regions which are unlikely to occur during 

the LPBF process. Overall, it is clear that the dataset could use more process parameter cases, and that 

the moving window approach accomplishes the goal of maximizing data diversity. 



P a g e  159 | 176 

Chapter 6 Conclusions 
In this work we have introduced a framework for the creation of machine-learning based 

surrogate microstructure models for the laser powder bed fusion process. We then demonstrated the 

potential of the framework with the development and analysis of a microstructure surrogate model for 

304 stainless steel manufactured with the laser powder bed fusion additive manufacturing process.  

As part of the model framework, it was shown that using ensembles of microstructure 

simulations allows us to make predictions about microstructures on a voxel-by-voxel level, providing us 

with spatially defined grain size distributions. While these spatially defined microstructure statistics do 

not have an equivalent in traditional materials science methods, they may provide potential paths for 

discovering microstructure relationships which would not otherwise be accessible. In the process of 

creating and analyzing this surrogate model a method for visualizing spatially defined distributions was 

developed, allowing for the observation of spatial trends in the probabilities of microstructure statistics 

within printed parts.  

Nine thermal characteristics were selected to represent the complete thermal history of the 

LPBF process for the purposes of predicting grain size distributions using the surrogate model 

framework. An existing state of the art image classification neural network architecture was adapted to 

fit the needs of the surrogate model framework, and shown to learn to accurately predict microstructure 

statistics during training. Further iterations of the model hyperparameters were performed using 

Bayesian optimization and resulted in a significant decrease in the number model parameters with no 

meaningful decrease in model accuracy. 

Initial predictions from the surrogate model revealed an apparent decrease in the stochasticity 

of the predictions compared to the training data. Experiments were carried out which revealed that the 

model learns to average out the stochastic influences of the data in a way that is consistent with the 

statistics produced by much larger simulation ensembles. The implications of this result were further 

explored by training several versions of the surrogate model on varying ensemble sizes. This experiment 

revealed that the model’s predictions are consistent with much larger ensembles than those it was 

trained on for all ensemble sizes tested. 
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The model’s accuracy in realistic use cases, where the LPBF parameters of interest would not be 

included in the training data, was tested by iteratively removing subsets of the dataset when training the 

model and comparing the model’s predictions against the excluded data. This revealed that for regions of 

the parameter space that are densely covered by the training data, the model can make reasonably 

accurate predictions for new process parameters. As the process parameters entered regions of the 

process space that were not as well covered by the training data, the model’s predictions became less 

accurate, but largely captured the overall trends. Only when the process parameters varied significantly 

from the rest of the dataset, as was the case with both the 45° and 90° scan rotation between layers, did 

the model’s predictions substantially diverge from the simulation ensemble-based ground truth. 

While the accuracy of the model appeared to indicate that the model was learning relationships 

between the selected thermal characteristics and the resulting grain size distributions, this was tested 

directly by adapting machine learning interpretability methods to provide a statistical insight into the 

model’s internal workings. This revealed that the model was relying on all nine thermal characteristics to 

similar degrees. Furthermore, the distinct behavior of the model with respect to the temperature 

gradients, revealed that the model was learning at least some physically meaningful relationships. 

Finally, an underlying assumption of the model framework – that the moving window approach 

would create more variation in the training data set – was explored via reduced dimensional 

representations of the dataset. These representations revealed interesting trends in the data, and 

indicate that while the existing dataset does have a large amount of variation, there is room for 

improvement. 

In summary, it was shown that the framework for the development of a surrogate 

microstructure model introduced here is capable of producing surrogate models that are both 

significantly faster than equivalent microstructure simulations, and maintain a reasonable degree of 

accuracy given sufficient training data. While the research presented here focuses on a surrogate model 

for the prediction of grain size distributions, the framework is agnostic with respect to the 

microstructure metric being predicted. Additionally, while the framework, as presented, is intended for 

use with microstructure statistics, it is likely that the framework can be used for the creation of a 

surrogate model capable of predicting spatially defined distributions of any material characteristic, as 

produced by the LPBF process. Furthermore, it may be possible to adapt the framework for the 
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prediction of less stochastic outcomes of the LPBF process, such as the residual stress within printed 

parts. While we have not tested any of these directly, we have demonstrated that thoughtful design of 

the model framework, along with careful selection of the characteristics used to represent the LPBF 

process, allow for the successful creation of a surrogate model capable of making predictions about the 

desired LPBF process outcome. 

6.1 Future Work 

While we believe that the research presented here adequately introduces and analyzes the 

framework for the creation of surrogate microstructure models for the LPBF process, it has opened up 

many avenues for further exploration. Several such avenues have been identified for furthering this 

research and exploring its broader applicability.  

The first of these avenues is exploring the applicability of the spatially identified microstructure 

statistics created as part of this modeling framework. While this method for representing 

microstructures was invaluable for the purposes of creating the surrogate model, it is not a widely used 

representation of microstructures – in fact, no instances of such a representation were found in 

literature. Developing methods for applying conventional understandings of microstructures to this type 

of representation would greatly increase its value. Furthermore, we believe that as high-throughput 

experimentation becomes more viable1, this method for representing microstructure statistics could find 

uses in conventional experimental materials science. Finally, while such microstructure representations 

are not traditionally used when modelling the stress response of materials, we believe that a surrogate 

model for the prediction of mechanical behavior could be trained using these representations as inputs, 

in a way that reduces the stochastic influence of microstructures.  

Another avenue which deals with the data presented here is the further exploration of the 

dataset, particularly with regards to the thermal characteristic space. While we explored the implications 

of the spread of the dimensionally reduced thermal characteristic space, we were unable to identify a 

metric that could be used to quantitatively answer questions about the data and the thermal 

characteristic space. We hypothesize that were such a quantitative metric to be identified, it could be 

 
1 Though they do not accelerate the printing process, newer analysis techniques such as Large-Area Polarized-Light 
Microscopy [165] and 3D EBSD [166] promise to increase the amount of data that can be collected about 
experimental microstructures. 
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used as a heuristic for predicting the accuracy of the model’s predictions about new process parameter 

sets, providing some level of uncertainty quantification. 

The next avenue for exploration is the use of this framework for the development of surrogate 

models that can predict other microstructure metrics. While we have proven here that this framework 

can generate a model that can predict grain size distributions, we have not explored what challenges 

might arise when predicting other grain morphology metrics. We believe that surrogate models for the 

prediction of crystallographic orientation would be particularly interesting, due to both the multi-

dimensional nature of crystallographic orientations, and the increased computational costs of modeling 

crystallographic orientation with conventional simulations. A potential stepping-stone for arriving at such 

a model would be the development of a surrogate model for the simultaneous prediction of the grain 

diameter and aspect ratio. While grain diameter is an invaluable metric for the prediction of mechanical 

behavior, the increased formation of elongated columnar grains is one of the main concerns of LPBF 

practitioners. Simultaneous prediction of the aspect ratio and grain size would do a much better job at 

capturing this behavior than the current diameter only metric. 

Finally, continuing with the theme of further development of the model itself, we have identified 

two modifications to the overall model framework that we believe are worth exploring. The first such 

modification is the switch away from the moving window architecture in its current form, to an 

architecture that is capable of providing the model with context about the full domain. It’s unclear what 

such an architecture would look like – perhaps a U-net – but we believe that this would better allow the 

model to make accurate predictions about varying print sizes, where the current moving window is 

incapable of providing sufficient context about the height of tall prints. The second modification we 

believe is worth exploring is the bypassing of the thermal model altogether. While we believe that having 

a physics driven input to the model is invaluable, both for reducing uncertainty and for exploring the 

model, the thermal model is currently the bottleneck for making fast predictions.  
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Appendix A Table of All Case Parameters 

Case Layers Power Velocity 
Hatch 

Spacing 
Scan 

Length 
Scan 

Width 
Domain 
Length 

Domain 
Width 

Base 
Height 

X 
Offset 

Y 
Offset 

Layer 
Height 

Rotation 

P90V95 1 90 95 50 1500 950 360 260 21 30 30 N/A N/A 

P90V105 1 90 105 50 1500 950 350 250 21 30 30 N/A N/A 

P100V90 1 100 90 50 1500 950 350 250 21 30 30 N/A N/A 

P100V100Case1 1 100 100 50 1500 950 350 250 21 30 30 N/A N/A 

P100V100Case2 1 100 100 50 1500 950 340 245 21 30 30 N/A N/A 

P95V95 1 95 95 50 1500 950 350 250 21 30 30 N/A N/A 

P105V90 1 105 90 50 1500 950 350 250 21 30 30 N/A N/A 

P105V95 1 105 95 50 1500 950 350 250 21 30 30 N/A N/A 

P105V105 1 105 105 50 1500 950 350 250 21 30 30 N/A N/A 

P124V109Case1 1 124 109 65 669 1430 204 346 34 30 30 N/A N/A 

P124V109Case2 4 124 109 65 669 1430 234 346 34 30 30 20 67 

P75V120 3 75 120 25 1007 1482 240 340 32 20 20 15 67 

P90V110 10 90 110 50 1000 1000 260 260 30 30 30 25 67 

P250V75 30 250 75 110 1000 1000 260 260 30 30 30 40 67 

P200V70 50 200 70 100 500 500 180 180 30 40 40 40 67 

P100V100LH15Case1 5 100 100 50 950 1500 250 350 21 30 30 15 67 

P100V100LH15Case2 15 100 100 50 500 500 160 160 21 30 30 15 67 

P95V97.5 1 95 97.5 50 950 1500 250 360 21 30 30 N/A N/A 

P102.5V92.5 1 102.5 92.5 50 1500 950 360 250 21 30 30 N/A N/A 

P130V110 5 130 110 50 500 500 160 160 21 30 30 20 67 

P135V112 5 135 112 50 500 500 160 160 21 30 30 20 67 

P140V115 5 140 115 50 500 500 160 160 21 30 30 20 67 

P100V100H45 1 100 100 45 500 500 160 160 21 30 30 N/A N/A 

P100V100H40 1 100 100 40 500 500 160 160 21 30 30 N/A N/A 

P225V72.5 30 225 72.5 105 525 525 195 195 25 45 45 35 67 

P90V110R45 10 90 110 50 1000 1000 260 260 30 30 30 25 45 

P76V104R90 40 76 104 50 650 650 210 210 40 40 40 25 90 

P80V130 60 80 130 25 650 650 220 220 26 45 45 15 67 
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Appendix B Table of Hyperparameter Optimization Options 

Parameter Initial value Minimum Maximum Step Result 

Layer 1 depth 3 1 6 1 1 

Layer 2 depth 3 0 6 1 1 

Layer 3 depth 9 0 11 1 3 

Layer 4 depth 3 0 6 1 0 

Layer 1 Kernel Size 7 1 4 1 3 

Layer 2 Kernel Size 7 1 4 1 3 

Layer 3 Kernel Size 7 1 4 1 4 

Layer 4 Kernel Size 7 1 4 1 N/A 

Layer 1 Number of Channels 96 16 400 8 64 

Layer 2 Number of Channels 192 32 352 8 96 

Layer 3 Number of Channels 384 64 560 8 304 

Layer 4 Number of Channels 768 192 896 8 N/A 

Layer 1 Scale 4 1 11 1 7 

Layer 2 Scale 4 1 11 1 8 

Layer 3 Scale 4 1 11 1 1 

Layer 4 Scale 4 1 11 1 N/A 
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