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ABSTRACT

Laser powder bed fusion (LPBF) is the dominant metal additive manufacturing technique due to its
advantages in near-net-shape production of complex parts with high resolution. However,
conventional quality control of LPBF-fabricated parts, including microstructure characterisation,
often relies on trial-and-error experiments. These methods can be time-consuming, resource-
intensive, and potentially destructive to specimens. This study introduces an image-to-image
translation Cycle-consistent Generative Adversarial Network (CycleGAN)-based framework for
generating statistically equivalent microstructures of LPBF-fabricated samples directly from
corresponding as-printed surface inputs. The results demonstrate that the framework can
effectively generate crystallographic and morphological features across 22 different process
parameters for LPBF-fabricated pure nickel. The distribution of microstructural descriptors, such
as grain size, grain shape, and even grain boundary misorientation angles, shows no significant
difference from that measured by experiments. The generated microstructural mapping using
image inputs with CycleGAN outperforms those from other generation methods on both
qualitative and quantitative evaluations. The developed framework is material-agnostic and can
be fine-tuned for other LPBF materials via transfer learning, providing potential applications in
in-situ process optimisation and microstructure design in LPBF manufacturing.
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1. Introduction . . o .
where various processing conditions are systematically

Laser powder bed fusion (LPBF) is a dominant additive
manufacturing technique that fabricates intricate com-
ponents by selectively melting layers of metal powder
with a high-powered laser [1-4]. The unique solidifica-
tion path with extremely high cooling rate, and intrinsic
multiple thermal cycles in LPBF result in special micro-
structure compared to conventional manufacturing.
The properties of LPBF-fabricated components, such as
strength and ductility, heavily depend on microstruc-
tural features such as grain size, texture, phase distri-
bution, and defects [5-7], which are influenced by a
complex interplay of multiple process parameters,
including laser power, scan speed, and layer thickness
[8-10]. Precise calibration of these parameters is crucial
for optimising microstructures and achieving desired
properties.

The traditional approach for understanding the
process — microstructure (PM) relationship in LPBF-fabri-
cated materials has relied on trial-and-error experiments,

tested to observe their impact on microstructures.
Metallography, the study of metal microstructures, typi-
cally employs techniques like optical microscopy (OM),
scanning electron microscopy (SEM), and electron back-
scatter diffraction (EBSD) to reveal the microstructural
features. While these methods provide valuable insights
into a material’s history and properties, they are often
time-consuming, resource-intensive, and destructive —
limitations that are particularly problematic for geome-
trically complex components produced using LPBF [11].

To complement the experimental method, micro-
structure simulations, especially physics-based models
such as cellular automata [12] and phase-field [13] simu-
lations, have been developed based on established gov-
erning laws to predict the microstructures from given
process conditions. While these models successfully
simulate microstructure evolution, many require sim-
plifications [14-16], such as assuming spherical powder
particles, a constant thermal gradient, and a point
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heating source, to make the computations feasible.
These simplifications can overlook critical variables and
interactions related to the model and process par-
ameters [17], potentially compromising the accuracy
and reliability of predictions in real-world scenarios. On
the other hand, more detailed and accurate models
often demand substantial computational resources,
making them impractical for large-scale applications.

Based on the disadvantages of traditional metallurgi-
cal and simulation methods, developing a non-destruc-
tive method to quickly visualise microstructure of LPBF
parts can effectively enhance our understanding of the
PM relationship. Image-based machine learning (ML)
techniques have been instrumental in this area, lever-
aging data from OM, SEM, and EBSD images to
uncover previously hidden patterns in the complex PM
relationship. Examples include microstructure image
generation, grain segmentation and inference, EBSD
image super-resolution, density prediction, and
surface-internal defect correlation analysis [18-27]. For
microstructure image generation, current research pre-
dominantly focuses on phase distribution, often neglect-
ing critical details related to crystallographic orientations
and grain morphology, which play a significant role in
determining the properties of LPBF fabricated samples.
Additionally, existing studies typically investigate a
limited set of process parameters, which may not
capture the complex interactions among multiple vari-
ables that collectively influence microstructure for-
mation. As a result, the chosen parameters might not
fully represent the wide array of microstructural
phenomena that occur under different processing
conditions.

Among popular generative algorithms, Generative
Adversarial Networks (GANs) [28] have become the
cutting-edge approach in microstructure image gener-
ation. The adversarial training process enables GANs to
produce highly authentic images across various
domains, including LPBF. Conditional GANs (CGANs)
[29] and Cycle-consistent GANs (CycleGANs) [30] are
two variations of popular GANs developed to handle
text and image inputs, respectively. In microstructure
image generation, CGANs have been more frequently
used. For instance, Cao et al. [18] and Banko et al. [31]
employed CGANs to generate micrographs conditioned
on specific processing parameters, such as deposition
temperature, laser power, and material compositions.
CycleGANs are usually applied for microstructure
image translation [32,33]. They are unsupervised
models that do not require paired datasets. They learn
feature relationships between the input domain and
the target domain [34] with two generator-discriminator
pairs [35]. In this surface-to-microstructure mapping,

where the input is an image and obtaining paired data-
sets is challenging, CycleGAN stands out as a more suit-
able option than other GAN models due to its ability to
learn from unpaired data while maintaining the fidelity
of the structural details during the translation process.
It generates new images that reflect the characteristics
of the microstructure domain based on the surface
image’s structure and content. The diverse microstruc-
tural maps generated can be particularly useful for
data augmentation in material data mining [36].

In this study, a CycleGAN-based framework was
developed to generate statistically equivalent micro-
structures of LPBF-fabricated nickel directly from corre-
sponding as-printed surface inputs across various
process parameters. The model was trained on an exper-
imentally collected dataset from LPBF samples subjected
to various combinations of laser power, scan speed, and
hatch spacing. These surface profiles directly reflect the
processing conditions and correlate with the thermal
history during the building process. The proposed
model aims to reveal the complex correlations
between surface profiles and the crystallographic
characteristics of the fabricated specimens. The gener-
ated microstructure mapping captures key morphologi-
cal and crystallographic features, including grain sizes
and shapes, crystallographic texture, and defects. The
trained model can synthesise microstructure mappings
across a wide LPBF parameter window in negligible
time as compared to the effort for experimental data col-
lection. It can also be readily extended to other LPBF
materials via transfer learning, requiring minimal
additional training. The inferred microstructures can
benefit both academia, by providing a multitude of
reliable microstructure mappings for simulation work,
and industrial settings, by optimising parameters and
enabling inline quality evaluation and control of the
LPBF process.

2. Methods
2.1. Sample preparation

Pure nickel (purity 99.5 wt%) powder exhibiting particle
diameter in a range of 15-53 um was used for LPBF
process. It was selected as the raw material to print
the samples and collect experimental data for training
and evaluating the models due to the high printability
of most FCC alloys and its wide usage in the industry
[37]. As a common test material for crystallographic
measurement [38,39], the simplicity of nickel’s micro-
structure allows the models to easily identify the fea-
tures from limited training data and focus on
fundamental relationships without being overwhelmed



Table 1. Processing variables applied in the experiments.
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Sample Laser power Hatch spacing Scan Speed Sample Laser power Hatch spacing Scan Speed
number (W) (mm) (mm/s) number (W) (mm) (mm/s)
Train 1 100 0.08 600 9 200 0.08 1000
2 120 0.08 600 10 200 0.08 700
3 140 0.08 600 " 200 0.08 800
4 160 0.08 600 12 200 0.08 900
5 180 0.08 600 13 200 0.06 600
6 200 0.08 600 14 200 0.04 600
7 200 0.08 400 15 200 0.1 600
8 200 0.08 500 16 200 0.12 600
Test 17 160 0.07 400 20 100 0.12 1000
18 190 0.1 550 21 120 0.04 950
19 180 0.06 650 22 100 0.04 900

by unnecessary complexity. Its well-characterised micro-
structure in EBSD studies also provide a reliable and
standardised basis for transfer learning to other
materials and comparative analysis.

Table 1 enlists the combinations of laser power (P),
scan speed (v), and hatch spacing (h) used for 16 training
samples and 6 testing samples. The choice of value
ranges for the three changing process parameters was
based upon established process window [40]. The
main objective was to comprehensively cover different
surface morphologies, levels of porosity, and microstruc-
tural features, for LPBF-fabricated Ni samples. Apart from
the varying parameters, a fixed layer thickness (t) of
0.03mm and a bidirectional scanning strategy
(Figure 1(a)) with a rotation of 90° in the fabrication of
each subsequent layer were implemented [37]. The
final build dimension of each cubic sample was 6 x 6 X
6 mm>. All samples were printed using a customised
LPBF machine, equipped with a 200 W IPG fibre laser
source of 1070 nm wavelength. The laser beam diameter
was 100 um, and all fabrications were carried out in
nitrogen atmosphere with oxygen concentration below
1000 ppm to minimise oxidation.
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The surface and microstructure used in this study
refer to the top surface and internal microstructure,
respectively, as shown in Figure 1(b). The top surfaces
of all printed cubes were characterised by three
different microscopes. The optical micrograph was cap-
tured using optical microscope (OM, Olympus LEXT
OLS4100). Surface height profile was measured using
laser scanning confocal microscope (LSCM, Keyence
VK-X series) with a magnification of x20 and a z-depth
resolution of 2 um in high-speed mode. To enhance
surface feature contrast and improve model’s feature
extraction efficiency, the surface height profile was nor-
malised across all samples. A finer characterisation of the
surface was achieved by scanning electron microscope
(SEM, JOEL JSM-7800F Prime). The acquired images of
the surface are in size of 6 x 6 mm?. An alignment and
centre crop were performed on these surface images
to obtain identical region of interest and eliminate the
edge effect [41]. The internal microstructure is character-
ised by EBSD using the same SEM equipped with EBSD
detector (Oxford Instrument, Symmetry). EBSD was con-
ducted using a step size of 1 um and covering an area of
0.5 x 0.5 mm? on the perpendicular cross-section from
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Figure 1. (a) Schematic of the scan strategy of a 6 x 6 x 6 mm? part fabricated by the LPBF and (b) illustration of the locations where

the surface profiles and microstructure maps were acquired.
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Table 2. Types of images and their corresponding preprocessing
configurations.

Image size Measured size Patch size
Image types (pixels) (mm?) (pixels)
Surface Optical 1161 x 1161 5.0x5.0 387 x 387
SEM 2730 % 2730 910% 910
Height 650 x 650 256 % 256
Microstructure  EBSD 1614 x 1614 0.5x0.5 635 X 635

the approximate centre region of the printed samples.
Such region experiences a relatively more stable
thermal history, being more representative of LPBF pro-
cessing conditions and minimising the boundary effect
in microstructures [42]. The perpendicular plane was
selected as it effectively captures the layer-by-layer
build structure characteristics of the LPBF process and
is particularly informative for analysing microstructural
features.

2.2. Image data handling

The original data resolution for surface and microstruc-
ture images are listed in Table 2. These high-resolution
images contain characteristic features that repeat
across the entire image. To obtain a dataset with an ade-
quate number of training images and maintain compu-
tational efficiency, patches were extracted at random
points of each image. This approach also ensures that
the model remains applicable to LPBF-fabricated Ni
samples with varying dimensions, as the extracted
patches can consistently represent equivalent areas of
interest with uniform image resolution, regardless of
the sample size [43]. The patch sizes for surface and
microstructure are included in Table 2. Since the
surface feature sizes range from few micrometres to
more than 1ml, and the largest hatch spacing is
0.12 mm, the patch size values were chosen to cover
40% in length and width of the original data. This
ensures that each extracted patch covers a sufficiently
large area to represent characteristic features, such as
defects arising from the synthesis conditions. Addition-
ally, since the patches are randomly cropped, there will
be overlap between them, ensuring that critical features
near patch boundaries are not missed. A total of 256
patches were cropped per sample, resulting in a
dataset of 4096 images for each image type. This
dataset is split randomly at a ratio of 75:25 to form the
training and validation datasets.

3. GAN models
3.1. Model architecture

In this study, CGAN and CycleGAN architectures were
employed to handle process parameter inputs and

surface profile inputs, respectively. The quality of gener-
ated images and their accuracy in representing the real
microstructure were subsequently compared. Both
architectures were implemented in Python using Keras
library with a TensorFlow backend. The training and
testing were conducted on one NVIDIA Tesla A100
40GB GPU.

The CycleGAN model’s architecture employed in this
study is illustrated in Figure 2. It consists of two U-Net
based generators (Gand F) and two convolutional
70 x 70 PatchGAN discriminators (D, and D,). The train-
ing dataset of CycleGAN comprises both surface
profiles and orientation maps, each with a size of
256 x 256 x 3. All these images were normalised to the
[—1, 1] range before being input into the model to stabil-
ise and speed up the computations. The generators have
an encoder-decoder structure with skip connections.
The encoder consists of convolutional layers with
stride-2 convolutions, each followed by instance normal-
isation and LeakyRelLU activation function. This process
reduces the input surface image’s spatial dimensions
to 1x1x512 using eight downsampling blocks. The
decoder uses transposed convolutional layers to upsam-
ple the features back to their original image size, with
each layer followed by instance normalisation and
RelLU activation function. The discriminators receive
both real and generated image patches to assess their
realism. Instead of producing a single scalar output,
the discriminators output a matrix where each element
represents the probability that the corresponding
image patch is real. This patch-based approach
enables the discriminator to capture finer details and
textures. In addition to the adversarial losses, cycle con-
sistency losses are introduced to measure the L1 norm
(absolute difference) between the reconstructed
images and the originals. These losses diligently retain
the integrity of the transformed images by necessitating
that the reverse transformations return the generated
images back to their original domain. This compelling
enforcement allows the model to generate images that
uphold the physical and morphological attributes con-
sistent with the target microstructures. The full loss func-
tion is:

LG, F, D, D)) = Lean(G, Dy, X, Y)

+ Lean(F, Dy, X, Y)

+ ALeyc(G, F), (m
where X and Y are the source and target domains,
respectively, and A = 10 controls the relative impor-
tance of the two objectives. The entire network was

trained for 20 epochs, using the Adam optimiser with
learning rate of 0.0002 and beta_1 of 0.5. Besides,
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Figure 2. Framework of the CycleGAN model used for the microstructure reconstruction and prediction.

weights were initialised using a Gaussian distribution to
promote effective training convergence.

The CycleGAN used surface profiles—height maps
measured by a laser confocal microscope as inputs.
These surface profiles offer a more objective represen-
tation of the processing conditions, capturing
material-related information with minimal human
intervention. The model was trained to generate
microstructural maps, specifically orientation maps
measured by EBSD. Each pixel on the output map
contains Euler angle triplets representing the infor-
mation of its corresponding crystal orientation. For
clarity and consistency with EBSD inverse pole figure
(IPF) maps, all the generated maps were coloured
using the IPF colour code, illustrating the local
crystal orientation. The LPBF-fabricated microstructures
exhibit distinctive microstructural features, including
grain shape, size, and orientation. These characteristics
manifest as unique spatial patterns in the EBSD IPF
map. The convolutional calculations performed by
kernels in each layer of the U-Net generators effec-
tively extract relevant style and structural information

from the original data [44]. The PatchGAN discrimina-
tors [45] receive fake patches from the generators’
predictions and compare the patches with real micro-
structure patches. During iterative training, the discri-
minators learn to assign high probabilities to real
patches and low probabilities to fake patches, provid-
ing feedback to the generators which helps to adjust
their trainable weights continually through backpropa-
gation. The learned weights in the neural networks
encode essential features such as colour distribution,
object shapes, and edges about the training data,
facilitating accurate microstructure reconstruction.

Most existing studies on material microstructure gen-
eration use CGAN models conditioned on text-based
parameter inputs [29]. These studies have shown that
CGAN can successfully map between the process par-
ameters and microstructural features such as phase mor-
phology and particle size [18,19]. In this work, CGAN is
trained to generate microstructure maps directly from
the process parameter combinations and serves as a
benchmark for the model performance comparison
with the CycleGAN.
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The CGAN model’s architecture is illustrated in Sup-
plementary Figure 1. The model was trained for 100
epochs with a batch size of 8. Adam optimiser with a
learning rate equal to 0.0002 and beta_1 equal to 0.5
was used for both generator and discriminator. The gen-
erator takes two inputs: a 32-dimensional latent vector
and 3 printing parameters (i.e. laser power, scan speed,
and hatch spacing), which were concatenated after
being reshaped to 16 x 16 metrices and passed into con-
volutional-transpose layers for upscaling. These metrices
were upscaled with a stride size of 2 and 128 filters fol-
lowed by Leaky ReLU activation function. The final con-
volutional layer used hyperbolic tangent activation
function and output an image with a size of 64 x 64 x
3. This smaller output image size was experimentally
determined and used for the CGAN to improve the per-
ceived quality of the generated images and prevent
overfitting. The model struggles with higher resolutions
due to the limited data available. The discriminator has a
similar but inverted structure. It also takes two inputs: an
image, either real or generated, and the same 3 printing
parameters. In this adversarial network training, the dis-
criminator uses a binary cross-entropy loss function,
while the generator loss is calculated from the discrimi-
nator’s misclassification.

3.2. Post-processing of generated mapping

The generated Euler angle map was transformed into an
IPF colour-coded map using the MTEX package in
MATLAB [46]. Grain boundary regions were identified
through MATLAB's built-in edge detection function, uti-
lising the Canny method [47]. Pixels in identified grain
boundary regions were considered not-indexed first
and subsequently filled using the MTEX ‘fill" function
with the half quadratic filter (‘halfQuadraticFilter’
option). This approach effectively removed spatially
independent noise from the orientation measurement
data while maintaining sharp gradients at the grain
boundaries and sub-structural boundaries. Through
this process, the vague grain boundary region generated
from the GAN models are eliminated for the following
analysis and evaluation.

3.3. Image-based and material-specific
evaluation metrics

To verify the quality of the generated microstructural
maps, two image-based metrics - Fréchet inception dis-
tance (FID) and Peak Signal-to-Noise Ratio (PSNR) - were
calculated to quantitively compare the generated and
experimental microstructure mappings [48]. Note that
Euler angle maps were converted into IPF maps for the

image-based evaluation. FID measures the distance
between the distributions of generated images and
real images in a feature space, typically extracted using
a pretrained Inception-v3 neural network. Lower FID
scores correspond to a closer resemblance between
the two distributions, indicating superior image quality
and greater similarity in terms of features and diversity.
PSNR is a variation of mean-square error that focuses
on pixel-by-pixel comparison. It measures the ratio
between the maximum possible power of a signal and
the power of corrupting noise that affects the fidelity
of its representation. The higher the value of PSNR is,
the more acceptable the quality of the generated
images. Using these two metrics, both perceptual
quality and pixel fidelity of the output images can be
evaluated.

It is important to note that the models are not used to
generate exact copies of the EBSD images, but rather
statistically equivalent representations that carry
similar and accurate material information essential for
sample characterisation. Therefore, apart from image-
based evaluation, materials-related descriptors such as
geometry and crystallographic orientation of grains
were also considered. They can provide more accurate
insights into the model’s performance and the charac-
teristics of the generated microstructures. The model’s
output is a crystal orientation mapping, where each
pixel contains three channels corresponding to Euler
angle triplets. Grain morphology and grain boundary
statistical analyses were performed using the open-
source MTEX package in MATLAB. For crystallographic
analysis, a 5° misorientation angle was used for the
grain calculations in MTEX. The dual approach of
employing both image-based and material-specific
evaluation metrics ensures a robust assessment of the
CycleGANs’ capability for high-fidelity surface-to-micro-
structure mapping.

These evaluations were conducted on a validation
dataset that include random surface and microstructure
patches for all printing conditions. Additionally, 6
samples with unseen conditions were included for
testing. The newly added conditions were within the
range of training sample conditions, ensuring a
thorough evaluation of model's generalisation
capability.

4, Results and discussion

4.1. Quantitative surface profiling and
microstructure characterisation

The GAN models aim to bridge the process par-
ameters, surface morphology, and microstructures of



printed parts, the correlations of which are investi-
gated through sampling and characterisation. The
three process parameters varied in this study collec-
tively contribute to the energy deposited onto the
powder bed. This energy density is characterised as
volumetric energy density (VED) and is defined by
the equation VED = P/(v x h x t) [49,50], where P rep-
resents power, v represents scan speed, h represents
hatch spacing, and t represents layer thickness. The
influence of respective VED applied on surface rough-
ness, porosity, and average grain size is presented in
Figure 3(a). The surface roughness used here excluded
waviness in accordance with 1SO 25178 [51] by apply-
ing a cut-off wavelength of 0.25 mm, based on prior
experience [52-54]. This filtering separated large-
scale pattern such as humps from small-scale features
like partially melted particles and spatters. The results
indicate that variations in porosity and surface rough-
ness exhibit similar trends across the different VED
inputs, while changes in average grain size show an
inverse relationship. High-quality samples, typically
fully dense with a density of 99% or higher and exhi-
biting low surface roughness, are obtained within a
VED range of 120-180 J/mm3. However, excessive or
insufficient energy input can lead to defects that
deteriorate mechanical performance. An illustration
of the formation mechanism of these defects is
shown in Figure 3(c). With insufficient energy input
(VED < 120 J/mm3), the samples typically suffer from
lack-of-fusion (LOF) defects. Conversely, excessive
energy input (VED> 180 J/mm3) results in over-
fusion. Figure 3(b) shows the classification of all
printed sample qualities across the range of printing
parameters.

Under LOF condition, there is insufficient thermal
energy input to the material. Inadequate laser pen-
etration results in un-melted or partially melted
powders, leading to phenomena such as beading up
(balling) and LOF pores. This condition produces a
rough surface due to Plateau-Rayleigh capillary instabil-
ities in the melt pool [55]. To maintain the uniform capil-
lary pressure inside the pool, the unstable melt pool
breaks into discontinuous spherical balls, which serves
as the major sources of surface imperfections [3]. The
insufficient energy also results in shallow melt pools as
indicated by the black dashed lines for sample 1
(Figure 4). The shallow melt pools, with their small
radiating surface area in contact with the substrate,
cause unidirectional heat dissipation along the melt
pool boundary. Consequently, the presence of numer-
ous irregular LOF pores disrupts the epitaxial growth,
contributing to small overall grain sizes and random
texture in the material [56].
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When the energy input is optimal, the melt pool
remains stable, leading to a continuous and uniform
scan track as shown in the SEM surface image of
sample 8 (Figure 4). This stability minimises surface
defects and results in a smoother finish. The optimal
energy input ensures that powder particles are fully
melted and there is sufficient overlap between scan
tracks, reducing cavities and porosities [57]. The melt
pools penetrate and remelt the previous layers, which
favours the epitaxial grain growth along the build
direction. With higher laser power and lower scan
speed, the resulting shape of the melt pool promotes
the formation of textures with a preference for the <
110> and < 100 > planes [58,59], as evidenced by the
presence of more red and green-coloured grains in
the IPF maps for sample 8.

On the other hand, excessive energy input for sample
14 ensures that minimal powder particles remain on its
surface. However, it induces high vaporisation of the
molten material and ejection of metal vapour jet in the
form of hot spatters [60]. High laser power and high
scan speed can also result in balling. Severe balling on
the melt track layer leads to the formation of humping
or ripple effects, which are carried forward to sub-
sequent printing layers, seriously impacting the surface
quality. Additionally, the larger energy deposition
creates deeper and narrow melt pools, which have
more contact area with the solid metal below [61].
More heat is conducted downwards, increasing the
thermal gradient which is beneficial for epitaxial grain
growth [62]. Although this should lead to greater grain
coarsening and stronger texture, a slight decrease in
the measured average grain size was observed. This
trend has also been noted in other studies [40,63], and
may be due to the small hatch spacing used for the
sample. When hatch spacing is too small, the large
melt pool overlaps disrupt square-bottomed columnar
grains [64] and increases remelting, leading to smaller
grain sizes. The accumulation of local heat at tempera-
ture higher than the boiling point also exponentially
increases the recoil pressure inside the melt pool [65].
The resultant recoil forces form side dips and cavities,
known as keyhole pores, which are spherical in shape
[55]. Clusters of fine grain are usually observed at
locations near these keyhole pores to a lesser extent
than LOF pores.

4.2. Model evaluation

4.2.1. Qualitative analysis

The previous section revealed that the microstructural
features of LPBF, particularly porosity and average
grain sizes, are associated with surface roughness
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under various process parameters. To delve deeper into
this relationship, a GAN is proposed to establish a con-
nection between as-printed surfaces and their corre-
sponding internal microstructures. Specifically, this
study employs a CycleGAN-based model, trained on
surface profile data, to examine the PM relationship
and to predict internal microstructures.

To evaluate the effectiveness of CycleGAN in learning
the relationship between process conditions and corre-
sponding microstructural features, we evaluated the
quality of the generated microstructural maps in terms

of pixel-level similarity and compare it with CGAN
results. Figure 5(a) illustrates the microstructural maps
generated by both models alongside the real EBSD IPF
maps from the dataset of LPBF-fabricated nickel cube
samples. Three samples, with one from each condition
class, were selected for visualisation. Based on visual
inspection, the microstructures generated by CycleGAN
for samples fabricated under varying processing par-
ameters exhibit greater morphological similarity com-
pared to those generated by CGAN, highlighting its
adaptability to diverse input conditions. The CycleGAN
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sectional microstructures of sample 1, 8, and 14.

effectively captured significant attributes such as dimen-
sions, shapes, and colours, which correspond to grain
size, boundaries, and orientations of the microstructural
representations. For instance, the grains in the real
microstructure of sample 8 are relatively larger and
exhibit stronger texture compared to those of sample
1. These differences are attributed to higher power
density, which promotes adequate melting and epitaxial
grain growth. The reconstructed microstructural map
accurately replicates these characteristics, notably with
large colour blocks representing the larger grains. Cycle-
GAN also showed better performance in synthesising
the micrographs with finer features such as small-sized
grains and semi-spherical shaped melt pools for some
other samples (see Supplementary Figure 2). These fea-
tures make the generated microstructural maps more
comparable to the real EBSD IPF maps. The compelling
congruence between the generated and real microstruc-
tures underscores CycleGAN’s capacity to correctly
identify the underlying correlations that link surface
characteristics with the intricate nuances of internal
microstructures in LPBF manufacturing.

4.2.2. Quantitative analysis

Besides simple visual inspection, the FID and PSNR
values were computed to quantify the similarity
between ground truth and generated microstructural
maps, enabling a direct assessment of the generative
models’ performance. On the one hand, a higher PSNR
in a generated image suggests greater pixel-wise simi-
larity to the ground truth. On the other hand, a lower
FID indicates better perceptual image quality [66].
Figure 5(b,c) summarise the FID and PSNR values for
both CycleGAN and CGAN, respectively, with the
detailed numerical values provided in Supplementary
Table 1. From the violin plots, CycleGAN demonstrates
an overall lower median FID, higher median PSNR, and
similar variance compared to CGAN. This indicates a
closer resemblance between the generated and real
microstructures, and lower noise content in the Cycle-
GAN outputs. Despite both models producing relatively
high FID and low PSNR values, the trend of these quan-
titative metrics aligns remarkably well with the obser-
vations from manual inspection. In view that the
microstructural maps are highly complex, and it is
difficult to replicate the exact morphology of
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microstructural features, these two metrics are used for
model performance comparison only. The quality of
the synthetic images will be assessed based on extracted
semantic descriptors of the microstructure, which have
physical meaning in this application. Compared to the
CGAN benchmark, 87.5% of the samples generated by
CycleGAN outperform those by CGAN, as indicated by
lower FID and higher PSNR values, except for samples
7 and 8. These two samples, characterised by large
grain size and strong texture, received relatively high
FID scores. One possible explanation for these inconsis-
tencies is the unbalanced training data, where micro-
structural maps with large and uniform colour region
were underrepresented.

4.2.3. Microstructural characterisation

In addition to directly assessing image quality, it is
crucial to ensure that the generated microstructure is
statistically representative of the real microstructure.
For the additive manufactured parts, the microstruc-
tures like grain size, grain shape, texture, and grain
boundaries play an important role in determining the

mechanical properties and their final performance
[67-69]. To assess the morphology distribution,
metrics such as grain size, grain shape factor, and
grain boundary misorientation angles were selected.
The grain shape factor used here is defined as the
ratio of grain boundary perimeter over the equivalent
perimeter, it primarily assesses how equiaxed or
elongated a grain is [70]. The two-sample Kolmogorov
— Smirnov (KS) test was used to compare these distri-
butions between generated and ground truth micro-
structures, and returned a p-value which indicates
whether there is a significant difference between the
distributions. The average p-values for 30 randomly
selected microstructures which cover 14 of the training
samples with different process conditions are shown in
Figure 6(a). Most of the values computed are higher
than the significance value set at 0.05, particularly for
grain size, where only one sample falls below this
threshold value. The high p-values suggest that the
available data do not provide strong evidence of a sig-
nificant difference between the generated and real
microstructure distributions, indicating that the model
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truth and generated images for random training samples and (b) among different energy input conditions (LOF, densification, and

over-fusion).

effectively captures grain size information. In contrast,
the p-values below the threshold are mainly observed
for grain shape factor (5 out of 14) and grain boundary
misorientation angle (2 out of 14), highlighting the chal-
lenges for the model to learn and generate microstruc-
ture map with these correct microstructure features.
This difficulty likely arises from their higher dimensional
complexity and non-linearity. Noise at the grain bound-
aries also disproportionately affects the calculation of
these features. Considering the significant differences
in morphology distributions among different energy
input groups, as indicated by the extremely low p-
values in Figure 6(b), the model demonstrates its
ability to capture meaningful distributions related to
the process conditions.

To assess the synthesised microstructure’s suitability
as a statistically equivalent morphological and crystallo-
graphic descriptor for LPBF material characterisation in
detail, sample 13 was randomly selected and the stat-
istics of its features are depicted in Figure 7. Both the
ground truth (Figure 7(a)) and generated (Figure 7(c))
microstructural maps reveal grains growing along the
building direction due to the high thermal gradient
from the bottom to the top of the melt pool. The gener-
ated grains are largely columnar, reflecting the direc-
tional solidification typical of high-energy density LPBF
processes, and their size closely matches that observed
in the actual microstructures. By overlaying histograms
of grain size, grain shape factor, and grain boundary mis-
orientation angle from the ground truth and generated
microstructural maps (Figure 7(e-g)), a notable agree-
ment is shown in the general distribution of all three fea-
tures. This observation is consistent with the KS test
results for sample 13, where the p-values for all three fea-
tures exceed 0.05. Pole figures in Figure 7(b,d) exhibit

considerable similarity between the generated and
ground truth microstructural maps. Although there is a
noticeable lack of grains with a (101) out-of-plane orien-
tation in the generated microstructural map compared
to the ground truth microstructure obtained from
EBSD measurements, the strong < 001 >//building direc-
tion texture still indicates that the model effectively cap-
tures the preferred crystallographic orientation.
Additionally, when examining the single grains isolated
from the maps, as shown in Figure 7(h,i), the colour gra-
dient within individual grain, which denotes variations in
orientation, is well-represented in the generated micro-
structural map. This variation is a common microstruc-
tural feature in LPBF due to rapid thermal cycling and
complex melt pool dynamics. The kernel average misor-
ientation (KAM) maps of these grains were computed to
reveal these subtle changes in orientation within the
grains, and they appear visually similar. This indicates
that the generated microstructural data can be further
processed to determine dislocation density, providing
valuable insight into the internal strain and defects
[71]. Overall, the close agreement between the syn-
thesised and actual microstructures reflects the high
quality and accuracy of the generated microstructural
maps, both in general representation and in localised
detail.

The material-specific comparisons between the
ground truth and generated microstructural maps indi-
cate that a high degree of detail and information
density regarding the necessary materials-related fea-
tures are well replicated and represented in the gener-
ated images. The strong alignment suggests that the
hidden complex correlations between desired micro-
structural features and surface features are effectively
learned by the selected CycleGAN model.
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4.3. Model optimisation and generalisation

4.3.1. CycleGAN input optimisation

The surface of an additively manufactured sample is rou-
tinely characterised using a variety of techniques, includ-
ing OM, SEM, and LSCM. Three types of input images are
prepared for the CycleGAN model, all cropped to the
same scale to represent the same region of interest on
the sample. Figure 8(a) demonstrates an example of
generated microstructural map from these three
inputs. Visual inspection of the generated microstruc-
tural maps reveals that the LSCM surface profiles
produce a mapping in which most of the features are
preserved. The generated IPF and Euler maps accurately
restore essential features from real microstructure, such
as grain size, shape, and texture, with fewer unrealistic
artifacts such as large black patches, blurred colour
edges, or repeated patterns. Between these two types
of output, the Euler map outperforms the IPF map by
reproducing fine details such as pores and very small
grains sometimes observed at the melt pool boundaries.

s extracted from (h) ground truth and (i) generated microstruc-

The effectiveness of using surface profiles from LSCM as
input was further confirmed by the calculated FID and
PSNR values across six randomly selected samples
used for evaluation (Figure 8(b,c)). The detailed numeri-
cal values of all input-output combinations are provided
in Supplementary Table 2. In general, the generated
microstructural map in Euler angles from LSCM surface
profiles exhibit the lowest FID values and the highest
PSNR values compared to all other input-output image
combinations. Additionally, the image quality is more
consistent across different parameter groups.

Optical images, typically greyscale, serve as a funda-
mental tool for providing an overall view of the surface
texture and for detecting large-scale defects. While OM
is limited in its ability to resolve fine details and
provide quantitative data, it compensates by offering
additional information such as colour variations, which
can be instrumental in identifying different phases, con-
taminants, or oxidation states. The information density
of optical images is relatively lower compared to SEM
and LSCM. However, their ability to quickly survey
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and the violin plots of the (b) FID and (c) PSNR values for six randomly selected samples.

large areas makes them valuable for preliminary assess-
ments and for identifying regions of interest for further,
more detailed analysis. SEM images are also greyscale
but offer significantly higher resolutions than optical
images, enabling detailed imaging of surface features
with high precision and comprehensive surface charac-
terisation. This makes SEM a common choice for in-
depth morphological studies [72]. Although the SEM
images were cropped and resized to the same dimen-
sion as OM images to match the model’s input shape,
their high original resolution offer more pixel data to
work with, allowing for greater flexibility in resizing
without significant quality loss. This high resolution
and information density of SEM images, at the same
length scale as an OM image, come at the cost of
increased time and expense associated with image
acquisition. The LSCM bridges the gap between OM
and SEM techniques by offering higher resolution than
traditional OM in a shorter time than SEM. One of its
key advantages lies in generating 3D surface topogra-
phy maps, which provide enhanced depth of field and
streamline the extraction of surface features. The
colour scale of LSCM mapping quantitatively correlates

with the height of the surface. This additional depth
information makes it particularly valuable for appli-
cations requiring detailed topographical analysis and
3D reconstructions of surface features. The more
detailed structural information of the surface serves as
a better indicator of processing conditions of the
printed samples, allowing the model to infer potential
microstructural feature formation and accurately gener-
ate corresponding image patterns.

4.3.2. Microstructure prediction and model
generalisation

The generalisation ability of the trained GAN-based
model was further tested by generating microstructural
features from surface profiles derived from LPBF process
parameter combinations that were beyond the scope of
the model’s training. To verify if the established surface-
microstructure relationships can help to predict micro-
structure distributions in unknown cases, six new
process parameter combinations were chosen using a
random sampling function code in Python. These combi-
nations had all parameters within the range of trained
values and covered all three discussed sample conditions,
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and predicted microstructures.

yet they were unseen by the model during training.
Samples were printed based on these new parameters,
and same characterisation steps were performed to
obtain their surface profiles and microstructure, forming
the test dataset for assessing accuracy of microstructural
features in the predicted maps. Figure 9(a) presents the
calculated p-values of the two-sample KS test for all
testing samples. For the six unseen surface profiles,
there is insufficient evidence to support the hypothesis
of a significant difference between the real and predicted
microstructural maps as most of the p-values exceeded
the 0.05 threshold. Specifically, only two profiles exhibited
notable variations in grain size and grain boundary misor-
ientation angle distributions, while only one profile
showed notable variations in grain shape factor distri-
butions, despite the inherent complexity of this feature,
as illustrated in Figure 9(a). These findings further
confirm the model’s ability to learn complex microstruc-
tural features and correlations from the collected
dataset, and generalise effectively to unseen data.
Figure 9 shows the detailed comparison between the
ground truth and predicted microstructural maps of one
of the newly printed samples, specifically sample 18. This

sample was fabricated with a laser power of 190 W, scan
speed of 550 mm/s, and hatch spacing of 0.1 mm. These
printing parameters yield a VED value of 115.15 J/mm?>,
which is close to the optimal printing condition of
120 J/mm3. The sufficient energy input results in
coarser grains and stronger texture formation, as evi-
denced by the ground truth IPF map (Figure 9(c)). Simi-
larly, the predicted microstructural map in Figure 9(d)
displays some large grains with relatively higher green
colour density. Common AM features, such as local
grain misorientation and the general alignment of
grains with the thermal gradient which explicitly grow
towards the centre of the melt pool [55], are also
evident. These observations suggest that the model
effectively learns both global features (such as texture,
grain size, and shape factor) and local features (such as
local grain orientation variation, represented by the
KAM map). Furthermore, the histograms plotted to
quantitatively compare the differences in the distri-
butions of the three main microstructural features
(Figure 9(e-g)) demonstrate comparable characteristics.
For both ground truth and predicted microstructures,
the frequency of grains with size exceeding 40 um



greatly increases, and the general trends in their misor-
ientation angles align more closely compared to those
of sample 13. Therefore, this generative model is suitable
for predicting microstructural morphology across a wide
range of printing conditions.

In addition to the grain morphology, the microstruc-
tural defect such as porosity of the samples is also eval-
uated (Figure 9(b)). Only samples with overall porosity
values higher than 10% are considered in this evalu-
ation, as pores in low porosity samples occupy a small
percentage area of the image and are difficult for the
model to capture. The porosity in the generated
images was determined by filtering out black pixels
and calculating the porosity percentage using ImageJ
[73]. Among all samples, including both training and
test samples, five meet this condition. The predicted por-
osity for all these samples does not differ significantly
from the measured porosity, especially for the three
test samples. Sample 20, which has an extremely low
VED value of 27.78 J/mm? and falls outside the training
dataset range, still shows a good fit, indicating the
superior generalizability of the model. The Pearson cor-
relation coefficient (r) for the fitted linear relationship is
greater than 95%, and it reaches 99.4% when consider-
ing only the test samples. This strong correlation
between the predicted and measured porosity high-
lights the high accuracy in the predicted microstructure.
The prediction error mainly comes from samples 1 and
2. This underestimation likely occurs because the
model prioritises overall microstructural patterns over
porosity. This is an issue when the loss function does
not explicitly emphasise small and sparse defect features
[74]. These small pores could unintentionally be merged
into surrounding grains while performing the pooling
process [75], reducing the detected porosity. Additionally,
partially filled pores or noise in the generated images may
lead to misclassification. The underestimation could be
minimised by incorporating a defect-aware loss term to
enhance porosity preservation and increase the represen-
tation of low-porosity samples in the training dataset
through data augmentation techniques.

Despite its high accuracy in capturing critical micro-
structural features, the CycleGAN model has limitations,
particularly in generating sharp edges that correspond
to grain boundaries, which are crucial for determining
material properties. The model occasionally produces
blurred edges and small branches at grain boundaries,
which could lead to misinterpretation of grain boundary
types and inaccuracies in edge-sensitive property pre-
dictions [58]. These challenges underscore the need for
further refinement of the CycleGAN model, especially
in enhancing its ability to generate more precise and
realistic microstructures. Future research may focus on
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integrating attention-based models to improve the
clarity and precision of grain boundaries, reducing the
need for post-processing and minimising artifacts.

The use of microstructural image patches for model
training, necessitated by computational feasibility con-
cerns, poses challenges in accurately capturing large epi-
taxial grains that extend beyond individual patches.
Consequently, the grain size measured in a single
cropped patch may not fully represent the true grain
size in the full image. Although the overall trend and cor-
relation between VED and grain size are still preserved at
a statistical level, the model’s ability to generate micro-
structures that closely resemble the real samples
remains limited. Future improvements should focus on
expanding the microstructure dataset and scaling up
the CycleGAN model to train on full-sized images by
leveraging greater computational resources.

Furthermore, the CycleGAN model could be fine-
tuned for application to other LPBF materials, it can
also support real-time monitoring of printing quality,
as surface profiles can be captured during printing [57]
and used to predict evolving microstructures. This capa-
bility allows for dynamic adjustments to printing par-
ameters, enabling improved control over the process
and enhancing the production efficiency, offering sig-
nificant potential for process optimisation and quality
control in advanced manufacturing.

5 Conclusion

In this study, a novel microstructure characterisation
approach using the CycleGAN model was presented, sig-
nificantly streamlining the traditionally time-consuming
process of microstructure analysis. By relying on only
surface mappings, the proposed model can generate
statistically equivalent microstructure representations,
EBSD-like orientation mappings, eliminating the need
for cross-sectioning and EBSD measurements. The key
conclusion are as follows:

(1) CycleGAN was trained to generate crystal orien-
tation mapping from surface profile input. This
CycleGAN model outperforms traditional CGAN
models that predict from text-based process par-
ameters with higher PSNR and lower FID values.

(2) The generated microstructure mappings can
statistically represent the experimentally measured
datasets, as evidenced by the KS test, where most
p-values exceed 0.05, indicating no significant
differences. This demonstrates the model’s strong
potential to generalise across various LPBF process
parameter combinations.



16 (& J.GAOETAL.

(3) Experimental characterisation confirmed that the
surface profile is closely related to the internal
microstructure through energy input and thermal
history. Particularly, surface roughness has been
proved to have correlation with internal average
grain size and porosity.
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