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Abstract
In laser-based additive manufacturing, the process-structure–property paradigm has been critical for optimizing the fabrica-
tion of metallic components. The formation of anisotropic microstructures, primarily influenced by thermokinetics, has posed 
challenges in achieving desired mechanical properties. Computational methods such as cellular automata, phase field, and 
Monte Carlo simulations were traditionally employed to predict microstructural evolution; however, they have proven to be 
computationally intensive. This study employed a conditional generative adversarial network (GAN) utilizing the Pix2Pix 
architecture to predict microstructural evolution in laser-based additive manufacturing. The model was trained on over 1500 
microstructure images generated by Kinetic Monte Carlo simulations with varying processing parameters, focusing on grain 
morphology and size distribution. Traditional image comparison metrics such as structural similarity index and mean squared 
error were deemed unsuitable due to their inability to capture higher-level features like grain structure. Instead, quantitative 
comparisons based on grain size distributions were employed to assess model performance. The results indicated strong 
efficacy in predicting equiaxed grain morphologies and accurately capturing grain size distributions, achieving the highest 
similarity score of 3.88e − 2 and the lowest distance score of 0.29. However, challenges were noted in predicting columnar 
grains, where larger grains were sometimes mispredicted as smaller. The findings suggested that a more balanced dataset 
could further improve performance, particularly in handling larger and columnar-shaped grains.

Keywords  Surrogate modeling · Deep learning · Kinetic Monte Carlo · Microstructure prediction · Laser-based additive 
manufacturing

1  Introduction

In laser-based additive manufacturing (AM) of metallic 
components, understanding the process-structure–property 
(p-s-p) paradigm provides an optimization pathway toward 
fabricating components with the desired shape, size, and 
mechanical properties [1–3]. The grain morphology and size 
that evolve during alloy solidification in AM are predomi-
nantly influenced by several process-induced aspects like 
thermokinetics and local thermodynamics at the solidifica-
tion front [4]. The layer-by-layer melting and solidification 
process establishes directional heat flow and a high thermal 
gradient along the build direction, leading to the formation 
of long columnar grains that span multiple build layers. This 
anisotropic grain structure is detrimental to the performance 
of AM components, as it can cause cracking and result in 
directional mechanical properties [1]. Naturally, the possible 
process pathways that lead to favorable thermokinetics for 
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the formation of isotropic equiaxed microstructure have been 
explored extensively [5]. The transition from columnar to 
equiaxed grain structures has been reported to be influenced 
by thermo-kinetic parameters such as thermal gradient and 
solidification rate [4, 6]. High thermal gradients and slow 
solidification rates typically promote columnar grain growth, 
while lower temperature gradients and faster solidification 
rates favor the formation of equiaxed grains. For a given 
alloy composition, the processing conditions such as laser 
power, scan speed, layer thickness, melt pool size, and scan-
ning strategy significantly affect the thermo-kinetic param-
eter variation vis-à-vis the resulting microstructure [2, 5].

Conducting trial and error-based experiments and micro-
structural characterization to optimize mechanical proper-
ties can be cumbersome, expensive, and time-consuming. 
Predictive modeling of thermo-kinetic-induced multi-layer 
and multi-track microstructure evolution offers a promising 
digital twin approach for p-s-p optimization. Various com-
putational methods, such as cellular automata, phase field, 
lattice Boltzmann, and Monte Carlo methods, have been 
employed for such predictions [2, 5, 7, 8]. However, these 
methods require complex mathematical formulations and 
are computationally expensive in terms of run time. Con-
sequently, machine learning-based surrogate modeling of 
these frameworks may provide a viable avenue for physics-
informed digital twins, potentially offering a more efficient 
and cost-effective solution for optimizing the AM process 
[9].

Machine learning (ML) models have become foundational 
in various scientific, engineering, and domain-specific appli-
cations, assisting in improving processes and boosting pro-
ductivity and quality through customized high-performance 
models for specific domains. A method called RCWGAN-
GP, introduced by Tang et al. [10], utilized regression-based 
conditional generative adversarial networks with a Wasser-
stein loss function and gradient penalty to predict micro-
graph images based on a single parameter (laser power) for 
alumina microstructures during laser sintering. Additionally, 
ML and a 3D convolutional neural network (CNN) based on 
VGGNet were implemented to predict property-map micro-
structures and their corresponding mechanical properties, 
concluding that the deep learning model outperformed other 
ML methods in this task [11]. These studies explored the 
potential of microstructure prediction; however, the influ-
ence of various process parameters on microstructure forma-
tion was not considered. Recently, deep learning, particu-
larly generative adversarial networks (GANs), was widely 
adopted in various applications in AM. In synthetic struc-
ture generation, several studies showed promising results 
[12–14]. Research also focused on enhancing image qual-
ity by improving resolution and clarity [15, 16], as well as 
using GAN networks for denoising to refine image analy-
sis and grain segmentation [17–19]. Additionally, recent 

work explored generating mappings from microstructure 
to mechanical properties [20]. Anomaly detection in AM 
processes using GANs were also explored by Chung et al. 
[21]. Recently, GAN-based methods to model microstruc-
ture prediction considering laser power and surface emission 
brightness separately have also been reported [22]. Similarly, 
the generation of additional microstructure data to assist 
GAN-based microstructure modeling was proposed by Putz 
et al. [23]. In addition, recent studies have demonstrated the 
potential of cGANs in predicting critical features in additive 
manufacturing (AM) processes, such as the microstructural 
constituents of alpha and beta grains [24] and melt pool seg-
mentation [25]. However, these approaches typically rely 
on limited datasets of experimental microstructural images, 
which are constrained by extensive characterization require-
ments and high costs. Such limitations pose significant 
challenges to developing broadly applicable cGAN models 
with strong generalizability. Although these works explored 
various applications using GAN networks, there remained a 
noticeable gap in addressing the mapping of various combi-
nations of process parameters to microstructure. However, 
utilizing ML-assisted techniques for model training usually 
demands a considerable amount of data. Microstructural 
data, typically obtained through meticulous microscopy 
in experimental settings, constitutes a laborious and time-
consuming process. The process of printing each sample 
involves gathering a substantial amount of powder, invest-
ing a significant amount of printing time, and performing 
highly cumbersome post-printing characterization. Due to 
the variability in parameters, accumulating sufficient data 
samples from experiments to meet the minimal requirements 
for model training may be prohibitively expensive in terms 
of time and costs. Therefore, to expedite the data generation 
process, a simulation-oriented method can be utilized to cre-
ate microstructure images.

To that extent, a Kinetic Monte Carlo-based simulator 
developed by Sandia National Laboratories provides an 
elegant solution offering flexibility in printing multi-layer, 
multi-track AM blocks to generate microstructural data 
[26, 27]. The “potts” model facilitates the simulation of 3D 
microstructures by incorporating layer-by-layer solidification 
and grain evolution using the principal physical mechanisms 
of grain nucleation and growth. Moreover, the simulation 
framework enables the approximation of melt pool size and 
shape without material-specific parameters, offering con-
siderable flexibility in generating different microstructure 
features. In addition, the provision of open-source code [28] 
renders this solution suitable for meeting current require-
ments of generating representative simulated microstruc-
tures as a function of AM influential parameters.

Following the above, in the present study, a conditional 
GAN-based image-to-image translation approach was 
employed, leveraging the Pix2Pix architecture [29] to learn 
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the mapping from input to output images. This approach is 
particularly suitable for transforming the input domain data 
(process parameters) into the output domain (microstructural 
images) due to the inherent feedback from the discriminator 
network to the generator network (defining characteristic of 
Pix2Pix framework). To the best of the authors’ knowledge, 
this study demonstrated one of the first attempts, where 
a GAN-based approach was utilized to comprehensively 
predict microstructural evolution in laser-based AM. This 
approach shows significant promise in developing a GAN-
based digital twin for microstructure prediction in laser-
based additive manufacturing, providing a powerful tool 
for optimizing and understanding the complex relationships 
between process parameters and microstructural outcomes.

2 � Methods

2.1 � Microstructural data generation

The evolution of microstructure in laser-based AM 
depends on various process intrinsic factors that influence 
the solidification regime during the layer-by-layer print-
ing process. Process parameters such as laser power, scan 
velocity, hatch spacing, and layer thickness profoundly 
affect the size of the melt pool and its shape, ultimately 
dictating the mode of solidification. Moreover, within a 
melt pool, specifically at the solidification front, the evo-
lution of process-induced thermo-kinetic factors such as 
thermal gradient, solidification rate, cooling rate, and 
grain morphological factor affects the solidified grain 
morphology and grain size. In the AM process, as the 
solid–liquid interface progresses to solidify, local ther-
modynamics and kinetic can lead to transitions from a 
planar front to columnar dendritic or equiaxed dendritic 
structures [5, 30]. The literature has well established the 
causal relationship between thermo-kinetic variables and 
machine parameters [31–33]. Numerous experimental 
results document the formation of fully columnar, fully 
equiaxed, and mixed (columnar and equiaxed) grain mor-
phologies in post-solidified AM components [2, 34–37]. 
Additionally, for a given set of process parameters, the 
spatial variation of thermo-kinetics within the melt pool, 
influenced by its curvature and shape, can lead to transi-
tions in morphology from columnar to equiaxed within 
the AM component. Primarily, the post-solidification AM 
microstructure can be characterized by its morphology and 
size. Figure 1 illustrates the variation of grain morphology 
and its size with thermal gradient and solidification rate. 
Note that variations in machine parameters, including laser 
power, hatch spacing, layer thickness, and scanning speed, 
will significantly impact the thermal gradient. Addition-
ally, changes in laser scanning speed will specifically 

affect the solidification rate. Thus, there exists a complex 
and intricate relationship between machine parameters and 
process thermokinetics, which is essential for developing a 
predictive framework for microstructure in AM.

In light of this, the process-microstructure modeling 
framework requires an accurate representation of process 
thermokinetics for reliable predictions. This necessitates a 
two-way coupling between the process model and the micro-
structure modeling framework. As discussed in previous sec-
tion, the inclusion of all these elements in the mathematical 
modeling framework is cumbersome and computationally 
taxing. A Kinetic Monte Carlo (KMC)-based simulation 
framework developed by Sandia National Laboratories [26, 
38] offers a pragmatic solution that provides flexibility by 
enabling the estimation of melt pool size and shape without 
the necessity of explicitly creating a mathematical process 
model. The synthetically generated idealized molten zone 
can provide track-by-track, layer-by-layer solidification his-
tory, which is further integrated with the underlying proba-
bilistic Potts Monte Carlo algorithm to simulate the forma-
tion of solidified microstructures.

The KMC model is based on an on-lattice architecture, 
which relies on estimating grain evolution in AM by the 
curvature-driven grain growth within the thermal gradi-
ent developed in the HAZ of the molten pool. The paral-
lelopiped structure of lattice sites defines the computation 
model; each lattice site is assigned an integer “spin,” and 
neighboring lattice sites with the same spin constitute a 
grain. The local configurational energy at each lattice site is 
evaluated by comparing the spin at that site with the spins of 
its neighboring sites. Neighbors with opposite spins increase 
the system’s total energy, whereas neighbors with identical 
spins do not affect the energy [26, 38]. The site energy E is 
calculated by the sum of all neighboring sites with different 

Fig. 1   Schematic illustrating solidification morphology with varying 
thermal gradient (G) and solidification rate (R) [1]
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grains. The number of neighbors (n) of the 3D microstruc-
ture simulation is 26.

Equation 1 [39] shows the energy of a system E with a 
given microstructure [27] where N is the total number of 
sites, i and j represent single sites, and i is the index of each 
site ranging from 1 to the total number of sites (N), and j is 
the neighbor of site i ranging from 1 to the number of neigh-
bors of sites n. The term Jij is a constant that corresponds to 
the grain boundary energy. �ij is a Kronecker delta function. 
The grain evolution occurs by minimizing the system energy 
via the reassignment of lattice spin, as per the Metropolis 
algorithm described by the following equation:

where KB is the Boltzmann constant, and T  is the Monte 
Carlo temperature (does not correspond to the temperature 
evolution in AM [26, 38]). As described in Eq. 2, if the 
alteration in the spin of a lattice site results in a decrease 
in the energy of the system, the reassignment of the spin is 
accepted. Conversely, if the spin alteration resulted in an 
increase in system energy, the change could still be accepted 
if a random number was found to be less than P. The simu-
lation duration was measured in Monte Carlo steps (MCS), 
with each MCS corresponding to the assessment of a lattice 
spin update at every site within the simulation domain.

In the current KMC framework, the microstructure evolu-
tion was confined to areas within and directly adjacent to the 
molten zone. This approach was justified since grain growth 
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was unlikely in regions distant from the molten zone due 
to negligible grain boundary mobility [26, 38]. Although 
the heat source was not explicitly simulated, its impact was 
modeled by defining a molten zone bordered by a high-tem-
perature heat-affected zone (HAZ) characterized by a steep 
thermal gradient. These combined zones created the condi-
tions needed for microstructural changes. Figure 2 illustrates 
the idealized molten zone that could be prescribed in the 
KMC modeling architecture. The input parameters required 
to define such a melt pool were mainly melt pool width, 
melt pool depth, and HAZ width. Note that the units of these 
input parameters were defined by the number of lattice sites 
occupied by the idealized molten zone. The Metropolis algo-
rithm was modified to accommodate grain boundary mobil-
ity, allowing the incorporation of solidification, grain evolu-
tion, and molten zone movement. The relationship between 
grain boundary mobility and temperature evolution within 
the HAZ region was described by the following equation.

Note that in the above equation, T  denotes the local tem-
perature within the vicinity of HAZ, whereas Ts is the Monte 
Carlo calibration temperature. The grain growth in the HAZ 
is simulated by tuning the mobility M(T) to be highest near 
the molten pool and M(T) = 0 far away from HAZ and the 
melt pool. In the presented case, the idealized molten zone, 
illustrated in Fig. 2, was rastered through the computational 
domain. The molten zone movement was based on a bi-
directional laser scanning strategy with hatch spacing equal 
to half of the molten zone width. The overall dimension of 
the idealized melt zone was defined with respect to melt 
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Fig. 2   Schematic illustrating 
3D idealized molten zone and 
relevant dimensions used in the 
KMC framework to generate 
synthetic microstructure. (For 
interpretation of color in this 
figure, the reader is referred to 
the online version of the article)
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width (MW) and HAZ width (HW) utilizing a pre-defined 
ratio, as illustrated in Fig. 2. The choice of the pre-defined 
ratio and idealized melt zone size was based upon prelimi-
nary simulation results runs. In addition, process parameters 
such as scanning speed, layer thickness, melt pool size, and 
heat-affected zone (HAZ) were varied to obtain a diverse 
set of microstructural features within the KMC framework. 
Table 1 enlists the magnitude and range of such variation 
in terms of KMC lattice sites. The selection of the specific 
combination of process parameters was based on the evalu-
ation of kinetic strength, as recommended by [26, 38]. The 
values within the range are set up to facilitate a potential 
transition from columnar to equiaxed shapes.

Note that the SPPARKS framework employs a lattice-
based distance unit rather than an absolute unit (viz m) for 
simulation. The simulation model utilizes a lattice, which is 
represented as a graph consisting of vertices and edges. Each 
vertex represents a lattice site located at a specific spatial 
position, with neighboring sites connected by graph edges. 
In the present case, a printed component was prescribed 
a size measuring 128 × 128 × 128, containing a total of 
2,097,152 lattice sites. Process parameter values are deter-
mined based on these lattice sites, with scanning speed rep-
resenting the rate at which passes are made through the sites 
[39]. Note that the minimum values of the HAZ should be 
set larger than those of the melt pool and scanning speed to 
maintain logical consistency within the simulation.

In total, 1568 simulations were conducted to gather a 
diverse range of microstructure data, covering various grain 
structures, including columnar, equiaxed, and hybrid forms. 
These simulations will help understand trends and patterns 
within the data, ultimately assisting in the preparation of 
training data for the machine learning-based modeling of 
our research. The simulations were conducted on high-per-
formance computers. Simulations were run on two nodes 
in parallel, each equipped with 128 cores. The CPU used is 
a 2 × AMD EPYC 7763 64-core processor (“Milan”) from 
the TACC Lonestar6 compute cluster [40]. Figure 3 illus-
trates some of the results obtained through 1568 simulation 
runs with process parameter variation. As can be observed, 
a diverse set of microstructures in terms of different grain 
morphologies and grain sizes was obtained. For instance, 
with an increase in the magnitude of scanning speed, the 

grain morphology shifts from long columnar grains to small 
equiaxed grains, and a similar morphological shift was 
obtained through the decrease in HAZ and melt pool width.

2.2 � Microstructure data curation

During the data curation phase, raw simulation files were 
systematically extracted and prepared for analysis. Files 
from the final dump of each simulation were retrieved to 
achieve a comprehensive overview of the simulated 3D 
blocks. Ovito [41], a scientific data visualization and analy-
sis tool, was utilized to transform numerical data of KMC 
simulations into 3D visualizations, facilitating the observa-
tion of grain structure formation post-printing. Microstruc-
tural views across various layer distances and orientations 
were analyzed, highlighting potential variations resulting 
from physical influences during multi-layer printing. Con-
sequently, the entire 3D-printed block was segmented into 
cross-sections to provide both horizontal and vertical per-
spectives of the internal structure.

As illustrated in Fig. 4a, grain structure images were 
obtained by sectioning perpendicular to the z-axis of the 
printed block to reveal top views of the grain structures 
at different layers. Similarly, multiple cross-sections were 
made along the y-axis to examine distinct grain patterns, 
such as columnar and equiaxed grains. Figure 4b depicts 
these cross-sections, offering a side view of the simulated 
samples across multiple layers in the xy plane, where colum-
nar grain growth is evident. Considering the simulation box 
size was set to 128 lattice sites in each direction, cutting 
distances were specifically chosen at 32, 64, and 96 lattice 
sites. Moreover, areas exhibiting artifacts post-printing were 
assessed to identify un-melted regions and non-growing 
microstructures, which may arise due to the stochastic nature 
of the underlying algorithm. To ensure accurate insights 
into general grain structure development, consistency in 
the effective area of the simulated samples was maintained, 
facilitating precise observation of grain structure changes 
across multi-layer, multi-track printing simulations.

To discern the effect of process parameters on the 
different microstructure morphologies obtained using 
the Kinetic Monte Carlo (KMC) framework, each sim-
ulation data set was attached with a color-coded image 
representing various input parameters, such as scanning 
speed, melt pool width, heat-affected zone (HAZ) width, 
and layer thickness. The color coding was based on the 
normalization of the amplitude and range of variations of 
these respective input parameters. The normalized values 
were then color-coded using the jet colormap, with each 
color uniquely representing parameter values for machine 
learning training purposes. This integration allowed for 
a unique representation of the process conditions and the 

Table 1   Selected parameters with examined ranges and simulated 
values

Selected parameters Range Count

Melt pool width [40, 10] 7
HAZ width [91, 40] 7
Scanning speed [3, 72] 8
Layer thickness [11, 5] 4
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material microstructure. The input format of the KMC 
simulation dataset is illustrated in Fig. 5. This combined 
input for each simulation served as a training example for 
the subsequent GAN network of Pix2Pix. Subsequently, 
the data was partitioned into training and validation sets to 
facilitate model evaluation. Parameters with images were 
provided as input for training, and the expected output was 
a predicted grain structure image for each setting.

2.3 � Microstructure modeling with machine learning

The proposed ML pipeline for microstructure prediction is 
illustrated in Fig. 6. For this task, a model based on a con-
ditional generative adversarial network (GAN) has been 
chosen, utilizing the Pix2Pix network architecture [17, 
29]. Pix2Pix was selected due to its capability to effec-
tively translate input from one domain to another, mak-
ing it particularly suitable for generating microstructure 

Fig. 3   Grain structure variation 
with process parameters: a scan 
speed (v) with fixed melt pool 
width of 25, HAZ width of 74, 
and layer thickness of 8. b Melt 
pool width (MW) with fixed 
scan speed of 42, HAZ width of 
65, and layer thickness of 8. c 
HAZ width (HW) with a fixed 
scan speed of 42, melt pool 
width 25, and layer thickness 
of 8. d Layer thickness (l) with 
fixed scan speed of 13, melt 
pool width of 10, and HAZ 
width of 40
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images based on process parameters input with proper 
image representation.

GAN models are developed to create new data samples 
that resemble a given set of input microstructure images. 
This is achieved by using two neural networks, namely the 
Generator and the Discriminator, which are trained simulta-
neously in an adversarial manner. The Generator is respon-
sible for generating new microstructure images, while the 
Discriminator assesses them against real images, thereby 
enhancing the model’s capacity to deliver more realistic 
and accurate microstructural predictions. The input of the 
network consists of two parts: process parameter embed-
dings and target microstructure images. The selected pro-
cess parameter values were encoded, initially in numerical 
format, into visual representations using corresponding 
pixel values and paired them with simulated microstructure 

images. These paired images were fed into the Generator, 
an encoder-decoder-based network, to generate synthetic 
microstructure images. The generated images, along with the 
simulated images, were then sent to the Discriminator. The 
Discriminator’s task is to distinguish between real samples 
from the training data and “generated” samples produced by 
the Generator, using a binary classification mechanism. The 
Discriminator provides an output that is used to calculate 
the loss, which is subsequently used to further enhance and 
fine-tune both the Generator and Discriminator networks 
with backpropagation. The trained model was then applied 
to the testing dataset to predict the microstructure images 
based on different process parameter inputs.

2.4 � Network training and model tuning

The generator network employs an encoder-decoder archi-
tecture. Specifically, the U-Net [42] is adopted. The Gen-
erator (G) takes random noises (z) and conditional inputs 
(y) (the encoded parameters) as inputs to generate a near-
realistic microstructure image based on the condition. This 
can be expressed as

where x̂ represents the generated microstructure image. The 
generator follows a U-Net architecture where the encoder 
first down-samples the input by applying convolution opera-
tions, with each layer block followed by batch normalization 
and ReLU activation functions. The convolutional operation 

(4)x̂ = G(y, z)

Fig. 4   Cross-sectional grain structure samples were collected from various directions and layer distances. a Sample retrieval from xy-plane (top 
view). b Sample retrieval from xz-plane (side view)

Fig. 5   Formatting the input training pair by combining the encoded 
process parameters and grain structure images (from KMC simula-
tions) for machine learning training
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output feature maps ( xl
i, j

 ) at each layer l  computed as 
follows:

where wl
m, n

 represents the weight at position ( m, n) in the 
convolution kernel at layer l . The xl−1

(i−m,j−n)
 denotes the cor-

responding pixel from the previous layer’s feature map that 
aligns with the kernel. The summation applies the convolu-
tion operation across the entire input region.bl is the bias 
term.

Batch normalization [43] is utilized to stabilize and accel-
erate the training process by normalizing the layer inputs to 
reduce the impact of “internal covariate shift” based on the 
varying distribution of each layer’s inputs. The ReLU (Recti-
fied Linear Unit) [44] activation function is chosen for its abil-
ity to introduce non-linearity into the network while preserving 
the benefits of sparse activation. ReLU also helps to reduce the 
risk of a vanishing gradient during training. Furthermore, the 
decoder part of the network then up-samples the feature maps 
by a factor of 2, using a spatial filter size of 4 × 4 and a stride 
value of 2, to effectively reconstruct the image from the com-
pressed encoded representation. Additionally, the selection of 
the U-Net architecture benefits significantly from the integra-
tion of skip connections. These connections effectively convey 
low-level information between the corresponding input and 
output layers. This feature allows U-Net to outperform tradi-
tional encoder-decoder networks by preserving more detailed 

(5)xl
i,j
= �(

∑

m,n

wl
m,n

⋅ xl−1
(i−m,j−n)

+ bl)

information across layers [29]. Moreover, the discriminator 
compares the real pair ( y, x ) with the generated pair (y, G(y)) 
and learns to classify whether the generated microstructure, 
G(y ), is closely resembles a real one.  Specifically, it evaluates 
the similarity between the generated and real microstructure 
images and outputs a probability score. The process can be 
expressed as follows:

The fine-tuning process involves using the Adam opti-
mizer [45] and Stochastic Gradient Descent [46] for both the 
generator and discriminator to achieve optimal performance. 
The Adam optimizer is preferred for its ability to enable fast 
convergence during training. It adaptively adjusts the learning 
rate for the model weights, allowing the model to use a higher 
learning rate when gradients are large and a lower one when 
they are small, which optimizes the learning process.

The loss function is critical to the model training and fine-
tuning process. The loss function of the generator in this work 
is defined below. The loss function designed for the generator 
is comprised of three parts: conditional GAN loss, L1 loss, 
and L2 loss. The conditional GAN loss for the generator is 
defined as follows:

The first part of the loss function calculates the expecta-
tion over real data samples by computing the probability that 

(6)D(x, y) → preal ∈ [0, 1]

(7)
LcGAN (G,D) = Ey

[
log D (y)

]
+ Ex,z

[
log(1 − D(G(x, z)))

]

Fig. 6   Pipeline for simulation data acquisition and machine learning modeling
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the discriminator D correctly identifies real data as real. This 
is expressed through the log probability log D(y), where y 
represents real data points. The second part computes the 
probability that the discriminator D correctly identifies the 
generated data produced by the generator G as fake. It then 
calculates the expectation of this probability, represented by 
log(1 − D(G(x, z))). By combining these two components, 
the cGAN loss function enhances the adversarial training 
process, promoting mutual improvements in both the dis-
criminator’s ability to distinguish real from fake data and the 
generator’s ability to create convincingly real data. Notably, 
the discriminator’s loss only considers the first part of this 
function.

As indicated in Eqs. (8) and (9), both the mean abso-
lute error (L1 loss) and the mean squared error (L2 loss) 
are applied in our model. The L1 loss emphasizes model 
robustness and simplicity by minimizing the absolute dif-
ferences between predicted and actual values, thus reducing 
the influence of less significant features by setting their coef-
ficients to zero. On the other hand, the L2 loss is effective 
at handling outliers by minimizing their impact by squaring 
the error terms. Therefore, the model aims to combine these 
losses in the total loss equation to achieve optimal perfor-
mance by leveraging the strengths of both approaches.

Equation 10 represents the objective of finding the opti-
mal generator G that minimizes the loss function after the 
discriminator D has reached its optimal performance. The 
λ1 and λ2 are the weights of L1 and L2 losses, respectively. 
Trial-and-error model tuning experiments were conducted to 
determine the most suitable values for these weights, ensur-
ing the best fit for the specific domain of tasks.

To further improve training and enhance model robust-
ness, variability was introduced through data augmentation 
techniques applied to the input images instead of using an 
explicit noise vector. This approach effectively serves the 
same function as a noise distribution in the latent space of a 
vanilla GAN network to enhance the training process, con-
sidering that the oriented matter of columnar grains formed 
along a vertical direction of the printed block (building 
direction of the AM block); to better preserve the direc-
tionality of columnar grain morphology, the horizontal flip 
was applied to the original extracted microstructure images 

(8)L1(G) =
1

n

n∑

i=1

|
|yi − G(x, z)i

|
|

(9)L2(G) =
1

n

n∑

i=1

(
yi − G(x, z)i

)2

(10)
G∗ = ��� ���

G
���
D

LcGAN(G,D) + �1 ⋅ L1(G) + �2 ⋅ L2(G)

instead of using vertical flip or other orientation rota-
tion techniques. Additionally, a median filter is applied to 
enhance the grain patterns while reducing the noise from 
low-resolution images. Moreover, color transformation 
was also considered in enhancing the variability of images, 
including color mapping conversion through the jet color 
map and gray transformation with fine enhancement on the 
boundary of grains. By introducing various image filters and 
augmentation techniques to target images, this work aims 
to improve the robustness and generalization of the model.

2.5 � Evaluation metrics

To quantitatively evaluate the machine learning model, a 
novel measurement approach specifically tailored to meet 
the unique demands of microstructure prediction was devel-
oped. Instead of using conventional pixel-by-pixel evalua-
tion methods commonly applied in semantic segmentation 
or object detection tasks in computer vision applications, a 
grain-size-based evaluation was designed to better capture 
the characteristics of the predicted grains. The goal is to 
measure the similarity between the predicted grain struc-
tures and the original microstructure images in terms of their 
morphology and size distribution. The proposed method 
consists of two steps. First, an algorithm to automatically 
segment the grains was developed. Second, the segmented 
grains were compared by analyzing the distribution of grain 
sizes and shapes using histogram-based similarity metrics. 
The algorithm for microstructure segmentation is illustrated 
in Fig. 7.

In the second step, the segmented results obtained from 
step one were utilized as input to compute the weighted 
average grain size for each image and perform statisti-
cal analysis to construct histograms. Subsequently, the 
histograms derived from the original (KMC simulated 
ground truth) microstructure images with those from the 
ML predicted ones were compared. To ensure a compre-
hensive evaluation instead of relying solely on one metric, 
both similarity and distance scores were calculated. The 
similarity score is calculated based on the intersection 
of two histograms, providing a measure of their overlap-
ping area. Conversely, the distance score is determined 
using the Bhattacharyya method [47], which quantifies the 
divergence between the two histograms. A higher similar-
ity score suggests a closer resemblance between the two 
histograms, whereas a smaller distance score is expected 
due to its reflection of the dissimilarity between the com-
pared images. The calculation of both similarity and dis-
tance scores can be defined as shown in Eqs. 11 and 12. 
To calculate the similarity score, as shown in Eq. 11, the 
histogram intersection method is adopted to measure the 
overlap between two histograms ( H1 and H2 ). For each 
bin I, the minimum value between the two histograms 
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is taken, representing the extent of overlap in that bin. 
The final similarity score is obtained by summing these 
minimum values across all bins. In addition, as shown in 
Eq. 12, N represents the number of bins in the histograms. 
To obtain the distance score, the sum of the products of 
the corresponding bin values from the histograms is first 

calculated. This sum is then divided by the square root of 
the product of the norms of the two histograms, multiplied 
by the square of the number of bins. This process ensures 
that the distance measure is scale-invariant.

Fig. 7    a Algorithm for 
microstructure segmentation. b 
Sequential illustration of micro-
structure segmentation process 
for grain size estimation
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3 � Prediction of microstructure

The Pix2Pix deep learning model was applied in this study 
to predict microstructural images from process parameters 
in additive manufacturing (AM). Given the uniqueness of 
this application, previously established hyperparameters 
for model training [48] were not directly applicable. Con-
sequently, various hyperparameter configurations were 
explored for training, including ( �1 , �2 , LcGAN ) (Eqs. 8–10), 
building upon prior research [48, 49]. The total genera-
tor loss, consisting of a weighted sum of three individual 
losses (L1, L2, and GAN) as defined in Eqs. 8–10, was opti-
mized by testing different weight combinations to identify 
the most suitable configuration for accurate microstructure 
predictions in AM. The configurations tested included (1) 
GAN-100, with data augmentation, which involved a 100% 
contribution from GAN loss (full adversarial training); (2) 
GAN-100, without data augmentation; and (3) combinations 
of L1 and L2 with a minimal contribution. The results indi-
cated that increasing the contribution from L1 and L2 led 
to reduced model performance compared to models relying 
solely on GAN loss.

As demonstrated in Fig. 8, the model trained with full 
adversarial training (GAN-100) exhibited the best perfor-
mance in terms of the visual similarity of generated micro-
structures to ground truth images. This finding contrasts 
with the author’s earlier studies [48, 49], where assigning 
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greater weight to L2 loss was advantageous. In the cur-
rent study, however, such an increase in L2 loss weightage 
resulted in spurious microstructural features lacking physical 
validity, as illustrated in Fig. 8. Additionally, data augmenta-
tion, in conjunction with pure GAN loss (GAN-100), gener-
ally improved model performance. The model trained with-
out augmentation displayed lower similarity to the ground 
truth, as evidenced by a higher Bhattacharyya distance score 
(0.253) compared to the augmented model (0.239).

Unlike many previous studies, where the Pix2Pix frame-
work was effectively utilized for tasks such as image denois-
ing, style transfer, and super-resolution [48, 49], the current 
task differed significantly due to the lack of spatial correla-
tion between input and output domains. While conventional 
tasks typically exhibit high spatial correlation between input 
and output image features, the task of generating microstruc-
tures from “coded process parameter images” involved non-
spatial correlations or mappings, as depicted in Fig. 5. As a 
result, hyperparameters that performed well in earlier works 
failed to produce satisfactory results in this case. Instead, it 
was observed that higher GAN weightage generated micro-
structures with features closely resembling ground truth. The 
assessment of microstructural correctness is often subjective 
and closely tied to human perception. Previous studies have 
shown that GAN loss is particularly effective in scenarios 
where the perceptual similarity between the machine learning 
output and ground truth is prioritized over exact pixel-by-
pixel correspondence. The improved performance observed 
with higher GAN loss contributions aligned with previous 
findings, where feedback from the discriminator in the train-
ing loop enhanced outcomes. This justified the choice of 
employing GAN-based deep learning for the present study.

Key features in this task included grains with uniform 
color values within their interiors and grain boundaries 
with characteristic dihedral angles typical of recrystallized 
and columnar microstructures. Nucleated or recrystallized 

Fig. 8   Comparison of ML output with different settings of loss 
functions. a Coded map of input parameters (speed = 63, melt pool 
width = 35, HAZ width = 82, layer thickness = 7, xy-plane dis-

tance = 64); b ground truth; c GAN-100; d GAN-100 without aug-
mentation; e GAN 100 and L2-10
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grains from the heat-affected zone (HAZ) were expected 
to exhibit minimal intra-grain misorientation due to the 
formation of strain-free grains during solidification and 
subsequent growth during reheat cycles, characteristic of 
multi-track and multi-layer AM processes. This manifested 
as uniform color across pixels within the same grain, as 
experimentally observed through techniques like electron 
backscatter diffraction [49]. In contrast, deformed materi-
als typically exhibited significant intra-grain color gradi-
ents. The ground truth microstructures generated through 
Kinetic Monte Carlo (KMC) simulations incorporated this 
information by assigning identical spins (rendered as iden-
tical colors in OVITO for visualization) to lattice points 
within the same grain. Grain boundaries typical of AM 
microstructures were characterized by dihedral angles of 
120° at tri-junctions of grain boundaries, particularly in 
equiaxed grains. KMC simulations ensured these micro-
structural features through grain boundary mobility laws, 
generating grain boundaries with curvatures satisfying 
these laws and forming dihedral angles at tri-junctions, 
capturing the physics of grain nucleation and growth.

The machine learning model, lacking explicit encod-
ing of such physical laws, was expected to learn these 

microstructural evolution dynamics through the mapping of 
input process parameters to output domains. This required 
a diverse dataset, necessitating a large number of training 
images. The dataset in this study, comprising data from over 
1500 KMC simulations, addressed this issue to a consider-
able extent, though further improvements were anticipated 
with increased input data volume and diversity. The close 
alignment of GAN-based machine learning predictions, as 
shown in Fig. 8, with expected microstructural grain mor-
phologies was evaluated within this context. Given the 
observed superiority of the GAN-based model, all machine 
learning predictions throughout the manuscript were gener-
ated using the model trained with 100% GAN loss contribu-
tion. Microstructure prediction performance of the current 
ML approach is summarized in Fig. 9 which shows results 
from various parameter selections on the test data set (pro-
cess parameter combinations). It can be observed that the 
model is able to capture the trend of decreasing grain size 
with scanning speeds (one of the crucial process param-
eters), in line with the corresponding ground truth KMC 
results. As the scanning speed increased, the grain size of 
the predicted microstructures decreased. Although grain size 
variation as a function of laser scanning speed was captured 

Fig. 9   Summary of ML microstructure prediction results along with 
corresponding input process parameters. For each case (from a to f), 
process conditions, KMC-generated ground truth, and corresponding 
ML output have been included. While the cases of a to d represented 

fairly good predictions of equiaxed grins, cases e and f indicate the 
failure of the model for accurate microstructure generation corre-
sponding to the columnar grain case
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well, the inference performance was observed to be inferior 
for cases corresponding to columnar grains in comparison 
to cases of equiaxed ones. The inference of smaller equi-
axed grains outperformed (as they corresponded correctly in 
terms of visual similarity and size distribution to respective 
ground truth KMC simulated microstructures) that of larger 
grains. This could be likely due to bias in the training data-
set, which contains a higher proportion of smaller equiaxed 
grains from the data collection process corresponding to the 
applied range of parameters employed in the current work.

Despite this observed limitation in predicting the process 
parameter regime associated with columnar grains, the cur-
rent study largely demonstrates the feasibility of realistic 
microstructure prediction for complex additive manufactur-
ing processes. This lays the groundwork for future research 
to address data imbalance issues and improve predictions for 
columnar grain cases as well.

While visual comparisons of machine learning (ML) 
results with corresponding ground truth images are 
informative, it is often preferable to quantify the model’s 

Fig. 10   Machine learning pre-
dicted results—grain size distri-
bution. a–d Different examples 
from the test data set
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performance through quantitative comparisons with ref-
erence to ground truth microstructures. Metrics such as 
SSIM and MSE are typically employed for such compari-
sons. However, in this case, these popular metrics were not 
applicable, as the features of interest—grain morphology 
(equiaxed vs. columnar) and grain size distribution—are 
not reflected by absolute color distributions or pixel color 
intensities. Pixel-level metrics such as MSE and SSIM fail 
to capture the higher-level features relevant to microstruc-
tural quantification. Therefore, to quantitatively assess the 
predicted results, grain size distributions were presented for 
various test cases in Fig. 10. The left side of the figure dis-
played statistical data from ground truth microstructures, 
while the right side illustrated the grain size distributions of 
the predicted results. The method effectively captured the 
grain size distribution, particularly for medium- and small-
sized grains. For instance, case (Fig. 10d) achieved the high-
est similarity score of 3.88e–2 and the lowest distance of 
0.29, while case (Fig. 10b) achieved a secondary similarity 
score of 0.75e − 3 and a distance score of 0.35.

Despite the impressive performance of the model in pre-
dicting fine equiaxed grain morphologies, it encountered 
difficulties in predicting columnar grains, as observed in 
the case of Fig. 10f. Larger grains were sometimes mispre-
dicted as smaller grains, which could potentially be miti-
gated by introducing a more balanced dataset with a higher 
proportion of large and columnar-shaped grains. Overall, 
the predictive models demonstrated a strong capability to 
predict microstructures across varying process parameters 
and accurately capture grain features, marking a significant 
achievement in the literature.

4 � Conclusions

The study successfully demonstrated the effectiveness of 
advanced machine learning and deep learning techniques, 
particularly through the use of conditional generative adver-
sarial networks (cGANs), in predicting microstructural varia-
tions from process parameters in additive manufacturing. This 
approach effectively bridges the gap between theoretical sim-
ulations and practical applications, enhancing the predictive 
accuracy of microstructural characteristics. The key achieve-
ments of our research are summarized as follows:

•	 A comprehensive new database of Kinetic Monte Carlo-
based simulations has been introduced, spanning a range of 
process parameters and grain morphologies. This resource 
can significantly benefit future ML research into the analy-
sis of microstructures relative to process parameters.

•	 The model achieved the highest similarity score of 
3.88e − 2 and the lowest distance score of 0.29, reflecting 

its efficacy in reproducing the ground truth microstruc-
tures.

•	 Challenges were observed in predicting columnar grains, 
suggesting that a more balanced dataset with a higher 
proportion of larger and columnar grains could improve 
accuracy.
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