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ABSTRACT

Many properties of commonly used materials are driven by their microstructure, which can be influenced by the composition and manufacturing processes. To
optimise future materials, understanding the microstructure is critically important. Here, we present two novel approaches based on artificial intelligence that allow
the segmentation of the phases of a microstructure for which simple numerical approaches, such as thresholding, are not applicable: One is based on the nnU-Net
neural network, and the other on generative adversarial networks (GAN).

Using scanning electron microscopy images collected from large areas (~1 mm?) of dual-phase steels as a case study, we demonstrate how both methods effectively
segment intricate microstructural details, including martensite, ferrite, and damage sites, for subsequent analysis.

Either method shows substantial generalizability across a range of image sizes and conditions, including heat-treated microstructures with different phase con-
figurations. The nnU-Net excels in mapping large image areas. Conversely, the GAN-based method performs reliably on smaller images, providing greater step-by-
step control and flexibility over the segmentation process.

This study highlights the benefits of segmented microstructural data for various purposes, such as calculating phase fractions, modelling material behaviour

through finite element simulation, and conducting geometrical analyses of damage sites and the local properties of their surrounding microstructure.

1. Introduction

Almost all materials used in today’s applications are produced and
tailored using specific production processes, meaning that their prop-
erties do not only depend on the chemical composition, but, in partic-
ular, on the microstructure that is formed from the various phases, their
size and morphology, crystal orientations and lattice defects in the
material. Much of materials science research is, therefore, focused on
understanding the properties that emerge from the microstructure and
how to develop tailored processing chains to obtain materials with well-
controlled microstructural variables yielding desirable properties. To be
able to understand the relationship between the microstructure and the
properties of the material quantitatively, one continuing challenge is to
accurately describe the microstructure regarding the phases and phase
fractions, as well as their geometries [1]. Such a representation does not
only enable comparisons of different materials or assessment of pro-
cessing success, it also forms the basis of computational analyses or
studies of microstructure evolution during straining, heat treatment [2],
welding [3], or other exposure to different environments [4].

The domain of microstructure modelling and design typically uses a
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limited set of variables or descriptors to represent the microstructure on
three levels: i) composition (comprising phases and their volume frac-
tions), ii) dispersion (discriminating between distinct microstructural
components), and iii) particle phase geometry (can include phase at-
tributes like size, area, and roundness) [1]. However, it is important to
keep a balance as excessive simplification by limiting the number of
descriptors or uncertainty in their quantification may lead to loss of
physical significance [4]. In the past century, materials science has made
substantial progress in acquiring and analysing microstructural images
to provide as detailed as possible a view of each material’s microstruc-
ture [5,6]. Microstructural image segmentation emerges as a pivotal
technique, enabling the dissection of intricate visual data into mean-
ingful components [7]. Microstructural image segmentation commonly
involves partitioning of a microstructure image into its constituent parts,
such as grains [8-13], phases, and defects [14-16], assigning physically
meaningful and spatially structured data to its constituents [17,18]. This
also enables a direct transfer of experimental data into modelling of
microstructural processes or properties, forming a bridge between the-
ory and experiment.

Conventionally, microstructure segmentation is performed manually
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by human experts and supported by a range of numerical approaches
such as thresholding [19-22], region growing [23-25], edge detection
[26,27], and clustering [28]. In addition, advancing analytical methods
assist to automate this process, for example by using correlated micro-
graphs with different electron detectors, giving topographical or
chemical contrast, or employing energy dispersive spectroscopy (EDS)
or electron backscatter diffraction (EBSD) inside the scanning electron
microscopy (SEM) to capture more explicitly distinguished phases and
grains. However, this type of analysis, while providing a wealth of in-
formation and high spatial resolution, is again time- and resource-
consuming and rarely scaled to areas representative of a finished or
semi-finished product. Lately, machine learning and increasingly auto-
mated imaging equipment are emerging to bridge this gap in scale
[29,30]. These methods enable analysis of large datasets, such as from
synchrotron tomography [31-33], X-ray tomography [34], micro-
computer tomography (CT) [32] and optical or electron micrographs
[33,35,36], and have been adopted for different purposes including
feature detection and classification [29,30,37,38] and microstructure
segmentation [32,34-36,39,40]. Using images recorded at different
scales, from light optical microscopy (LOM) to high resolution trans-
mission electron microscopy (HR-TEM) [41], objects or phases of in-
terest have been segmented in various microstructures, for example,
including ferrite, martensite, cementite particles and lath shaped bainite
in different grades of steels [39,42-46], or y* precipitates, dendrites [34]
and their cores [47] in nickel based superalloys [48-50].

However, a lot of these methods do not easily scale to much larger
datasets. This is particularly challenging where the size of the dataset
can be successively increased by merging adjacent datasets. Typical
challenges then include the handling of the large dataset itself and
dealing with variability in the underlying data, e.g. as a result of changes
in focus, contrast or brightness during imaging or fluctuations of the
sample thickness or surface quality from sample preparation. This
variability impedes the collection of homogeneous image data, making
conventional image segmentation methods less applicable, as these
methods are typically tailored to specific image properties, such as
brightness and contrast, and may struggle to adapt to image variations
[31,32,41].

In this work, we present two novel approaches for microstructure
segmentation based on artificial intelligence, one method is based on
generative adversarial neural networks (GAN), and the other on nnU-
Net. We employ both methods on scanning electron microscopy im-
ages collected across large areas (~1 mm?) to reveal features of sub-
micron scale across images that span hundreds of micrometres (um) in
either direction. As our sample material, we image a commercial dual
phase steel (DP800). This type of steel is used extensively in a wide range
of commercial applications, particularly in the automotive industry
[51,52], and improvements in this material have direct impact on many
production processes and their applications [2,7,53,54]. It also has a
rich multi-phase microstructure that is formed during sheet processing
and tailored to sustain large mechanical strains before failure. The final
microstructure of the as-processed or subsequently strained material
contains features ranging from small voids reaching the resolution limit
of scanning electron microscopy to large martensite bands undulating at
a shallow angle along the sheet material and giving rise to strong vari-
ations in the microstructure observed in sections taken parallel to the
sheet itself [30,38]. Furthermore, unlike many other materials con-
taining multiple phases [55], the two major constituent phases of the
dual phase steel, the brittle martensite and much more ductile ferrite
phase [56], appear very similar in scanning electron microscopy and
therefore provide an adequate challenge for segmentation where simple
thresholding, for example, fails across large images.

In addition to a brief introduction to the two segmentation methods
employed here and their application to the dual phase DP80O steel, we
will present examples of how segmented microstructural data of large
images can be used for subsequent analyses. Three aspects will be
considered in these examples: (1) the apparently simple task of
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determining the phase fraction across a microstructure of large vari-
ability at different scales, (2) the use of segmentation to extract core
geometric features after manual or neural network-based classification,
and (3) the use of a large segmented dataset to enable modelling of a
large number of features of different type and size that correspond to a
real, deformed microstructure. In Fig. 1, a summary of the approaches
and examples in this work is given.

2. Introduction to the implemented segmentation methods and
materials

2.1. Artificial intelligence for image segmentation

In order to analyse a microstructure in detail, we need to be able to
attribute each part of the micrograph to a specific feature of the image,
in our case either a martensite or ferrite phase, or a void introduced as
damage during mechanical straining. On an abstract level, we, there-
fore, want to use a machine learning algorithm to “translate” an input
image to a suitable output image showing which phase or damage is
where. In our case of the DP800 steel, the input image is the grayscale
electron micrograph obtained from a scanning electron microscope, and
the desired output image shows, pixel by pixel, whether a given pixel
originates from the martensite phase, the ferrite phase, or a damage site.
This process is called segmentation, and we distinguish between
instance and semantic segmentation: In semantic segmentation, we
attribute each pixel in an image to a pre-defined class, such as
martensite, ferrite, or damage. Instance segmentation goes beyond se-
mantic segmentation and aims to identify each object uniquely with its
associated segmented pixels, such that each object can be referred to
separately [57,58]. In this work, we focus on semantic segmentation and
will refer to semantic segmentation and segmentation synonymously
throughout the text.

The training data for the machine learning based approaches used in
this work were experimental images, obtained by manually labelling
scanning electron micrographs, using the Pixel label option of the Image
Labeler application of MATLAB 2018a [60]. This tool provided the most
precise labelling possibility at the time of preparing this data. Fig. 2
shows an example of the raw (left) and labelled (right) image. Each
image in the training data has a size of 512 x 512 pixels that corresponds
to a resolution (number of pixels per length), of 32 pixels/um. In total,
we have labelled 171 SEM images. The labelling of the ground truth data
primarily serves the purpose of defining the phases. It involves the
manual process of successive clicking around specified phases, namely
martensite and damage sites, within the ferrite matrix. However, certain
minute details, such as extremely thin martensite islands or remnants of
colloidal silica suspension (OPS) particles resulting from the metallo-
graphic preparation, that lack significant physical relevance to the ma-
terial’s properties, are excluded from this process to alleviate the effort.
The orange arrows in Fig. 2 indicate a few of these cases.

2.1.1. nnU-Net

The UNet architecture of convolutional neural networks [61] was
primarily designed for image segmentation in biomedical images. It
consists of a contraction part based on convolutional neural networks
that learn the abstract features in the image, a “bridge”, and an expan-
sive part that then creates the output image. So called “skip connections”
between the contraction and expansive parts convey information about
specific features across the network topology. The name UNet originates
from the U-like shape of the setup after the skip-connections between the
contraction and expansive part are introduced [62]. This approach has
been widely used for various computer vision tasks. Its efficient use of
parameters allows the training on a limited number of training data or
devices with few resources [59,61,63,64].

The most recent variant is nnU-Net (“no new UNet”) [63], which
extends the original UNet approach to include automatic configuration,
including the pre- and postprocessing of the data, the network
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Fig. 2. Example of the manually labelled ground truth data with different colours for ferrite, martensite and damage sites. Orange arrows indicate some minute

details which have not been manually marked.

architecture, and the network training, thereby alleviating many of the
difficult and tedious tuning steps required in most neural network-based
approaches. The postprocessing can include, for example, the removal of
artifacts or smoothing of edges [65,66]. To avoid the risk in our appli-
cation of this method for the analysis of dual phase steel that damage
sites or small martensite island may be removed, we decided not to
apply any post-processing in this work.

The overall workflow used to tune and train the nnU-Net in this work
is illustrated in Fig. 3. The nnU-Net approach uses three classes of pa-
rameters: Fixed parameters, rule-based parameters, and empirical pa-
rameters. The fixed parameters have been tuned by the developers of the
algorithm and are not changed in many applications. However,
following the work by Isensee et al. [67], we also vary these fixed pa-
rameters here. The rule-based parameters are optimised automatically
using heuristics that are extracted using a “dataset fingerprint”, calcu-
lated for each new dataset the network is being trained on. These pa-
rameters include, for example, the network topology, batch size, etc. The
empirical parameters must be tuned manually.

The default values of the fixed parameters include: the architecture
template (UNet), the choice of optimizer (here, stochastic gradient

descent is employed, following the methodology presented in the orig-
inal work [63] and the findings of [68]. In a previous study [68], higher
generalizability is observed with stochastic gradient descent in com-
parison to adaptive methods), the learning rate schedule (starting from
0.01, following I, = (1 — e:_:,,x)o'g where ¢, is the current epoch and ep max

is the total number of epochs), the training schedule (1000 epoch are
defined as, each epoch completes 250 training batches), the choice of
loss function (cross entropy) [69], and the default data augmentation
(rotations, scaling, Gaussian noise, Gaussian blur, brightness, contrast,
simulation of low resolution, gamma correction and mirroring).

In total, we have 171 experimental images (512 x 512 pixels images
with 32 pixels/um resolution), that we split as described in the
following, depending on the training scenario. To be able to test the
trained network on an independent dataset that was not seen by any
network during training, we set seven of the experimental images aside
for this purpose. The remaining images were split such that 131 are used
for the training of the network (the training dataset) and 33 images for
independent evaluation in all cases except for the cross-validation.
These 33 images form the validation dataset. In all cases but the cross-
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Fig. 3. The adapted and simplified flowchart of the

validation approach, the images that form the validation and training
dataset are chosen randomly before training any of the networks and are
kept fixed for all network configurations. For the case of cross-
validation, 131 plus 33 images (i.e. the training and validation data-
set) are given to the network and the cross-validation procedure then
randomly chooses the split between the training and validation data
using the same ratio as in the other cases. As mentioned above, the seven
images in the test dataset are not seen by any network during training.

Additionally, we investigated the following changes to the fixed
parameters:

e Data split: We explored different data split strategies, with 5-fold
cross validation [67] and fixed validation set, and augmentation of
the training data (up to 987 training data). The data augmentation
techniques applied here are a translation operation, flip operation,
rotation operation of 90° and 160° and a shear operation.

Loss function: Apart from Dice and cross entropy loss (CE) in the
original work, following some medical image segmentation ap-
proaches, we have explored other loss functions. Here a combination
of TopK loss (TopK) and dice loss (Dice) have been explored besides
CE [70].

Heuristic rules in correlation to the hardware capabilities (e.g., GPU
memory), define the rule-based parameters. These parameters for our

nnU-Net method, based on [67], for the current dataset.

data are: batch size (8,12), patch size (median image size, 512 x 512
pixels) and the network topology (like the number of down sampling
layers). Fig. 4 illustrates the different sets of experiments explored while
tuning the network parameters.

The segmentation of the images with sizes larger than the training
data is done by using a sliding window [63]. Specifically, the network
rasters across the image and segments it into windows of the same size as
the patch size utilised during the network’s training, here 512 x 512
pixels. There is an overlap of half the patch size between the neigh-
bouring predictions. The predictions are combined by averaging the
softmax outputs of the network across all predictions. The accuracy di-
minishes towards the edges of individual predictions due to the padding
applied in convolutions. To avoid stitching artifacts, Gaussian impor-
tance weighting is applied to the resulting prediction, assigning higher
weights to the canter voxels during softmax aggregation [63].

Training the network was performed on central high-performance
computing facilities of RWTH Aachen university, with a GPU node
providing a Nvidia Tesla V100 graphics card, and 16 GB RAM, as well as
1 TB storage.

2.1.2. Generative adversarial networks

On a high level, GAN [71] consist of two competing networks: One
network, the generator, is used to create realistic images, and the other,
the discriminator, tries to tell the generated image apart from real
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Fig. 4. A) data split: 5-fold cross validation, loss function: dice + CE, b) fixed validation set, loss function Dice + CE, c) training data augmentation, loss function:
Dice + CE, d) fixed validation set, loss function: TopK + Dice, €) fixed validation set, loss function: CE.
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images. The training of the generative adversarial network stops when
the discriminator network is no longer able to tell the “fake” generated
images apart from real images. More formally, GANs learn the mapping
from a random noise vector z to some output image y: G : z—Yy. A variant,
the conditional GANs (cGAN) [72], allows conditioning on a quantity of
interest in the image generation process. Building on this approach,
pix2pix GANSs [73] use images for the conditioning, such that this kind of
network learns the mapping from an image x and the random noise
vector z to some output image y: G : {x,z}—y. This approach allows the
“translation” of images, such as, for example, turning black-and-white
images into colour images. In our case, we can use this to train the
network to produce segmented images from the (raw) scanning electron
micrographs by providing a set of already segmented images as part of
the training process. A generic workflow of image segmentation using
this method is shown in Fig. 5.

We found that cutting the 512 x 512 pixel images into four times as
many smaller images gave a higher performance in terms of accuracy for
the GAN-based method. We elected to use images of size 250 x 250
pixels (corresponding to 32 pixels/um) during network training, rather
than 256 x 256 pixels, to enable compatibility with previously collected
images [30,37,74], allowing for a seamless application of the final
trained network. In total, 656 of such images were created as training
and test data from the fully labelled ground-truth images described
above. We achieved this by dividing each of the original 164 images into
four smaller images, resulting in a total of 656 images, with slight
resizing applied to transform between 256 x 256 and 250 x 250 pixels
image sizes. We used a batch-size of 10 and a learning rate of 0.0002
during the training process and trained the network for 150 epochs. The
choice of the batch size in both methods was a trade off with respect to
the hardware capabilities and method performance.

Visually, the segmented image output from the pix2pix GAN, in-
cludes artifacts that mostly affect the ferrite and martensite islands
(Fig. 6b). Therefore, we propose and include here the following pro-
cedure as a postprocessing step to improve the quality of the segmented
image: Similar to the work in [30], we use the DBSCAN clustering al-
gorithm [75] to identify clusters of pixels that can be attributed to
damage. Typically, damage appears as an agglomeration of black pixels
in the electron micrograph. However, due to the imaging process, the
black level varies across all damage sites on the micrograph, meaning
that we cannot use a single colour threshold. Therefore, we used the
dynamic colour thresholding algorithm, Yen [76], to separate the black
pixels. Next, the DBSCAN algorithm was applied to detect the islands

Real image
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with black pixels specifically in the microstructure. The use of DBSCAN
algorithm often results in the exclusion of very small clusters (noises) of
black pixels which do not actually form voids. Nonetheless, some small
black voids are detected in this step, for example shadows (Fig. 6¢).
Therefore, in a subsequent step, only the damage sites predicted by both
pix2pix GAN and DBSCAN are selected to remain in the final images
(Fig. 6d). The damage sites identified by both methods (yellow clusters
in pix2pix and black clusters in DBSCAN result), represents a proper
alternative to actual damage sites. However, the ferrite and martensite
masks retain some artefacts like open islands or dispersed pixels of
martensite on the ferrite island (some examples shown by orange arrows
in Fig. 6e). Finally, a morphology correction step, was applied to clean
the dispersed noises (cleaning) and a closing operation was applied on
top of that to fill the open islands of martensite where some missing
pixels exist (Fig. 6f). Due to the combination of the methods applied
here, we call this method “DB-GAN ensemble” within this work.

Therefore, the overall workflow is similar to the one for the nnU-Net
based approach: The large-scale panoramic images need to be cropped
to smaller patches of the same size as the training data, the segmentation
and postprocessing procedure is then run, and, finally, the smaller im-
ages are stitched back together to obtain a larger image. However, while
this approach is fully automated in case of nnU-Net, this has to be done
separately by the user in case of the GAN based approach. Furthermore,
as mentioned above, better performance was obtained using images of
size 250 x 250 pixels as training data for the GAN based approach,
meaning that many more cutting/stitching operations are needed
compared to the nnU-Net based approach. An example of this process is
shown in Fig. 7. This additional cutting and stitching step can introduce
additional artefacts that are not present in the nnU-Net-based approach
as the latter can handle much larger images by the sliding window
approach. In principle, a sliding window approach could also be
implemented for the GAN-based analysis. However, as this requires not
only the method itself but also rules for dealing with differences in the
overlapping areas, we have refrained from implementing this additional
step with a few to avoiding additional and more difficult to interpret
artefacts.

2.2. Material and experimental methods
Damage in dual phase steels occurs as a result of different defor-

mation mechanisms at the microscale within and between the two
constituent phases [52,77]. The propensity of dual-phase (DP) steels to

Discriminator

Target image

Generator

t

v

Generated image

Fig. 5. Generic workflow of image segmentation by the pix2pix GAN.
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Fig. 6. Step by step representation of the DB-GAN ensemble method. a) Original SEM image, b) segmentation result of pix2pix GAN, c) the damage sites identified by
the DBSCAN clustering algorithm, d) the damage sites identified by both DBSCAN and pix2pix GAN, e) overlay the results of pix2pix and DBSCAN, f) the result after
the morphological corrections by closing and cleaning. Orange arrows indicate the artifacts of pix2pix GAN.

Fig. 7. A) sem image with size 512 x 512 pixels, b) 4 images of size 250 x 250 pixels images cropped and resized to the size of the training data, c) application of the
DB-GAN ensemble method, d) stitched, segmented image. The red arrow indicates the error introduced due to cropping and stiching.

incur damage and failure during quasi-static testing is strongly corre-
lated to the local microstructural characteristics giving rise to local in-
ternal strains [78,79], and has a pronounced impact on the fracture
toughness [80-85] and fatigue crack growth resistance [81,86,87].
Important microstructural features therefore include those associated
with the properties of the individual phases, such as the martensite
carbon concentration [88], martensite internal structure [89], hardness
of martensite [90], and strain hardening capacity of the ferrite [91], or
their morphology within the dual phase microstructure, characterised
by the volume fraction of the martensite phase [88,92-94], and the
morphology of the ferrite grains and martensite islands [95-97], the
microstructural morphology, the grains’ or islands’ size and aspect ratio,
and the interconnectivity [98]. Furthermore, the nucleation and evo-
lution of deformation-induced damage naturally depend on the amount
and direction of applied strain, and any changes in the strain path
[30,37,38]. These in turn give rise to the heterogeneous local strain
distribution originating from the two phases’ mechanical contrast, as
revealed by high-resolution microscopic-digital image correlation
(pDIC) and crystal plasticity (CP) simulation [99,100].

The strong interest in dual-phase steels has already attracted
considerable interest in microstructure analysis [101-104], particularly
in terms of phase segmentation. EBSD-based approaches are typically
challenging for this kind of material, since the crystallographic rela-
tionship between the two phases (ferrite and martensite phase with BCC
and BCT crystal structures, with small tetragonality in the martensite
phase) is very close, and phase separation becomes even more chal-
lenging where the internal strain is high, i.e. particularly after
deformation.

Martinez Ostormujoj et. al. [46] combined orientation information

collected from EBSD and its associated kernel average misorientation
(KAM) and pattern quality maps using a UNet segmentation algorithm
[61] for this phase segmentation, however, the approach lacks decent
transferability from the pristine, undeformed material to deformed
samples with high internal strains.

Most alternative methods that allow distinction of such similar
phases either possess comparatively low spatial resolution, such as X-ray
diffraction using typical laboratory setups, or are confined to relatively
small areas or volumes, like transmission electron microscopy (TEM). In
contrast, the large variability of the microstructure mandates the
extraction of phase assignment at sub-micron level of individual
martensite islands and damage sites, but across large scales to capture
the commonly encountered martensite banding. High resolution,
segmented data across large areas of the order of at least 1 mm? is,
therefore, essential to be able to represent the microstructure in subse-
quent analyses or modelling in a meaningful way. Here, we present a
method that is capable of segmenting panoramic images acquired in the
SEM that resolve sub-micron features across an area of the order of a
mm? without requiring diffraction information or conditions or clear
grey-scale separation of the two phases after etching.

To image and segment a common and at the same time challenging
microstructure, we used a commercial DP800 dual-phase steel (Thys-
senKrupp Steel Europe AG) with a tensile strength of the order of 800
MPa. The chemical composition and mechanical properties of this steel
can be found in [105]. Samples were cut out of a 1.5 mm thick sheet
metal into dog bone shaped tensile specimens and then elongated uni-
axially in the rolling direction specified by the manufacturer. The tensile
tests were performed using a microtensile stage (Proxima 100; Micro-
Mecha SAS, France) with a gauge length of the tensile samples of 3.65
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mm and a square cross-section of 1.5 mm side length. After testing, the
samples were cut to the gauge length with an electron discharge ma-
chine and were deformed to different elongations (14 %, 19 %, and 25 %
engineering strain). By using different levels of deformation, damage
sites of different density, size and dominant underlying damage mech-
anism are included in the training data.

The initial surface was prepared by grinding the surface manually
using sandpapers starting from 800 to 4000 grit. Afterwards, the sam-
ples were polished mechanically with 6 pm, 3 pm, and 1 pm diamond
suspension with an alcohol-based lubricant (99.5 % Ethanol + 0.5 %
Polyethylene Glycol), and final polishing and cleaning was performed
using colloidal silica suspension (OPS). Finally, each sample was sub-
jected to a 1 % Nital solution for 10 s, leading to a visible phase contrast
between ferrite and martensite in the electron microscope due to pref-
erential etching of the ferrite phase. A typical microstructure of this steel
after etching is shown in Fig. 8 in plane-view and cross-sectional view.
Typically, martensite islands are visible in light grey, while the ferrite
matrix is darker grey, and deformation-induced damage appears as
voids in black. The banded martensite is visible directly in the sheet
cross-section (Fig. 9a), and indirectly in the variable martensite density
in plane-view. Typical deformation induced damage sites [38] are
shown inset at higher magnification.

To collect high resolution images from large areas of the micro-
structure (around 1 mm?), panoramic imaging was conducted using
scanning electron microscopy (SEM). For this purpose, a sequence of
individual high-resolution images (32 pixels/um) each measuring 100
um x 100 pm, were collected with 20 % overlap between the adjacent
images. The stitching of these windows was performed using the Image
Composite Editor 2.0.3.0 software.

3. Results
3.1. nnU-Net

The resulting network topology for the corresponding SEM images of
the DP800 dual phase steel is illustrated in Fig. 9. After the automatic
optimisation of the rule-based parameters using the dataset fingerprint,
the final nnU-Net topology consists of seven down-scaling operations,
and the network is initialized by 32 feature maps at the first place and
then increasing to 480 at last. Finally, the down sampling operation is
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terminated when the feature map results in size 4 (at the bottom row)
continued symmetrically by up-scaling operations.

From the different packages of experiments, the package with a fixed
validation set and with (CE + Dice) loss function was selected. This
package achieved 96.2 % and 82.9 % for validation accuracy and dice
score respectively on the test set, (marked with red box in Fig. 10). The
evaluation metrics of all packages of conducted experiments and the
respective values for the individual classes for the selected package are
also given in Fig. 10. The validation dataset refers to the average of the
splits into training/validation data chosen automatically during the
cross-validation approach, and, for the other cases, to the fixed valida-
tion dataset consisting of 33 images chosen randomly before the training
of any package starts.

The quantitative evaluation of the results, based on pixel-by-pixel
comparison, did not show significant differences for the various pack-
ages. However, the package associated with a fixed validation set
(highlighted by the red rectangle in Fig. 10) exhibited the best visual
performance on both the test and validation sets, according to the
judgment of material scientists. In particular, better visual performance
judged by human experts involved replication of fine details in the
microstructure, such as thin protruding pixels from larger islands or thin
connecting segments between islands. Although here the images chosen
for the validation set are arbitrary, opting for the package with 5-fold
cross-validation might be a prudent choice to try in other experiments,
due to the mixed nature of the data split, favouring unbiasedness.

3.2. DB-GAN ensemble

For the evaluation of the microstructural images segmented by the
GAN and DB-GAN ensemble method, we calculated the average confu-
sion matrix over ten confusion matrices from ten randomly selected test
250 x 250 pixels images. These images were randomly cropped from
512 x 512 pixels images that were excluded from the training data. The
segmented images generated by pix2pix GAN and DB-GAN were
compared with manually labelled data. Specifically, each pixel in the
segmented images was compared with its counterpart in the manually
labelled image. The results are depicted in Fig. 11. As shown in this
figure, the performance of the GAN method was much improved
following the addition of DBSCAN clustering and morphology
correction.

Fig. 8. Micrsotructure of the DP800 steel: a) cross-sectional view revealing banded martensite and b) in plane-view with magnified examples of the two main
mechanisms of deformation-induced damage inset (orange: martensite crack, blue: interface decohesion).
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4. Discussion

Using the example of a commercial DP800 dual-phase steel, we have
demonstrated two approaches based on artificial intelligence to segment
large panoramic electron micrographs (shown in Fig. 17). The resolution
of the images predicted by both methods was consistent with that of the
training images (32 pixels/ um). Here, we discuss first the performance
and applicability of the two approaches before highlighting how the
information obtained by analysis of such large, stitched micrographs or
micrograph arrays can be used for further analyses and investigations.

4.1. Comparison of image segmentation methods

4.1.1. Comparison of the nnU-Net and DB-GAN ensemble methods

To compare the performance of the DB-GAN ensemble method with
the nnU-Net method, we evaluated their performance on two test
datasets of images with the size of each method’s training data. Each
dataset consisted of images that were not seen during training. The
images used to evaluation, were of size 512 x 512 pixels for the nnU-Net
method and 250 x 250 pixels for DB-GAN method (same set used to
evaluate the performance of the GAN based method in Fig. 11). The
results are shown in Fig. 12. We observe that both methods exhibit
similarly reliable performance.

4.1.2. Side-by-side comparison of individual features

Fig. 13 shows a side-by-side comparison of the two approaches for
512 x 512 pixels SEM images with the corresponding ground truth data
from manual labelling.

Overall, either approach yields acceptable results, as would be ex-
pected based on the similar performance metrics. However, examining
the segmented images in comparison to the original SEM images (areas 1
and 2 in Fig. 13c¢) and Fig. 13d), nnU-Net achieves a higher precision
pixel-by-pixel compared to the DB-GAN ensemble approach and is able
to preserve finer details of the microstructure in the segmented image.
Some of these details can even be related to the remainder of the OPS
polishing solution that has not been introduced to the classes and neither
labelled in the ground-truth data as it is typically not considered in the
analysis of the microstructure. An example of such areas is shown in
Fig. 14 with b) and c) showing two different, manually labelled seg-
mentations of the same microstructure. In Fig. 14b), the mask in the
ground truth data is not labelled with a pixelwise precision, and
Fig. 14c) shows an additional mask applied with a pixelwise precision.
This is a typical case where the subjectivity of manually labelled data
can introduce uncertainty to the evaluation metrics and the real results.
It is evident that the labelling process itself is a source of uncertainty as
different experts will, in general, attribute pixels of the intricate features

a) nnU-Net

Actual
Damage Martensite Ferrite

Ferrite Martensite Damage

Predicted
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of the microstructure differently to the phases. Nonetheless, some of the
fine details have been segmented by the nnU-Net method in Fig. 13c)
area 1 and 2. Where the white OPS particles have been segmented, they
were identified and segmented as martensite islands. This is unsurpris-
ing given that they share the closest colour resemblance to the
martensite islands and a separation of the two is challenging for the
human eye as well, particularly where agglomerates preclude identifi-
cation based on spherical shape, as is the case for the largest such par-
ticle in Fig. 14.

Similarly, a damage site and a small white island have not been
identified by the GAN-based segmentation algorithm (areas 1 and 2 in
Fig. 13h), in contrast to the nnU-Net based segmentation (areas 1 and 2
in Fig. 13 g). Comparing the areas 3 of Fig. 13c) and Fig. 13d), the
stitching line artifact is evident for the DB-GAN segmented image,
whereas this is not the case for the nnU-Net segmentation. In area 4 of
Fig. 13¢) and Fig. 13d), both methods have missed the detection of the
small damage site, with size around 2 pixels (50 nm), marked by a tiny
yellow dot in the ground truth data.

4.1.3. Generalizability

A key aspect of machine learning approaches is to investigate their
performance on out-of-distribution samples. In particular, we are
interested in the performance of the trained networks on new data that
does not originate from, for example, the exact same experimental
specimen or material that was used to obtain the training data from. In
our case, we have applied the trained networks, both for the nnU-Net, as
well as the DB-GAN ensemble method, to electron micrographs of the
DP800 steel that was subjected to a heat treatment, which changes the
microstructure. Compared to the original sample, the martensite islands
are finer and more circular, as opposed to more elongated and banded
martensite islands in the as-received DP800 sample. A side-by-side
comparison of the two microstructures is shown in Fig. 15 with the
micrograph in a) taken of the original commercial sheet material that
was used to train the networks and the micrograph in b) showing the
microstructure after a heat treatment of the original material at 775 °C
for 330 s followed by water quenching for martensite formation.

In Fig. 16, we show examples of how either method performs when
applied to images obtained from a sample that was not used during
network training, i.e. from the new microstructure shown in Fig. 15b.
Both methods work well on this previously unseen but visually similar
image data. However, again some deficiencies can be seen for both
methods on the finest details. If we consider the precision in the
detection of the damage sites, the nnU-Net performs better than the DB-
GAN ensemble in Fig. 16a) and b). On the other hand, Fig. 16¢) and d)
show two examples where the GAN-based approach yields better results,
whereas nnU-Net fails to identify the complete area of the damage site.

b) DB-GAN ensemble

Ferrite Martensite Damage

Predicted

Fig. 12. The average confusion matrix, comparing the performance of the nnU-Net for 512 x 512 pixels images, and DB-GAN ensemble for 250 x 250 pixels images.
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Fig. 14. A) sem image of the microstructure and two different, manually labelled versions of the same image area. b) manual labelling taken directly from the ground
truth dataset, c) area relabelled with higher, pixelwise definition of the existing phases and ops particle as an additional fourth class.

In summary, both methods perform reliably on new microstructural
configurations, however both methods can fail to yield perfect results, in
particular when there are relatively fine details in the microstructure. A
more quantitative assessment would require labelling large areas as
additional ground-truth for the second microstructure (after heat-
treatment). As this process is very labour intensive, doing so is beyond
the scope of this work. It is important to keep in mind, however, that
while either method show some challenges in processing the finest de-
tails of the microstructure perfectly, human experts would likely show

10

the same, if not worse outcomes when processing large-area micro-
graphs of several hundreds of micros in x- and y- direction.

4.1.4. Usability for microscopists

Overall, either approachescan be used for image segmentation,
provides accurate results, and generalises well to data not seen during
training of the machine learning algorithm. The approach based on nnU-
Net is almost fully automated and can be applied as a standardised
procedure to new scenarios. Compared to the GAN-based approach
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Fig. 15. Comparison of the microstructure configuration of a) the as-received dual phase steel and b) the same steel after heat treatment (775 °C for 330 s followed

by water quenching).

SEM image nnU-Net

DB-GAN
ensemble

Damage

Ferrite

Fig. 16. Comparison of the performance of 2 methods for heat treated dual phase steel (not included within the training data). Images with size equal to training data

of DB-GAN ensemble method.

(which achieves its best performance on images of the same size it has
been trained on), it can also be applied to larger images, thus avoiding
the additional step of cutting and stitching the electron micrographs as
part of the procedure. Additionally, further image artefacts due to the
stitching of the GAN-segmented images can be avoided.

The DB-GAN ensemble method is much less automated at present
and requires several steps, such as, image pre- and postprocessing,
cropping and stitching, and potentially correction of associated errors.
These extra steps need to be implemented and controlled by the user.

11

The whole process may, therefore, be less convenient for a user inter-
ested in fully automated segmentation. However, in some cases the
explicit control over individual steps of the segmentation process may be
advantageous. We anticipate this to be the case where colour thresh-
olding is of importance. In our case, this was shown to apply where a
focus is put on resolving the damage sites accurately, rather than the
segmentation of the ferrite and martensite phases that naturally
contribute the majority of the imaged surface area. Such intervention in
the learning process is more difficult in the nnU-Net method, where
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changes in performance of the segmentation due to adjusted colour
contrast of the input images may equally be expected but iteration to-
wards an improved pre-processing procedure will be much less
straightforward.

4.2. Application of large area segmentation 1: Phase fractions in an
inhomogeneous dual phase microstructure

A key quantitative parameter in microstructure characterisation is
the phase fraction of the constituent phases. The dual phase steel used
here as an example, with martensite bands undulating through the sheet
metal, presents a particularly challenging case for this, as phase seg-
mentation by simple thresholding is difficult, while manual selection
and labelling of small sections can lead to a large variance in the results.
In this case, the result will depend strongly on the exact position and size
of the windows from which the area fraction was determined.

Using the large-scale segmented images, we can calculate the phase
fraction based on a suitably large area, such that the local variations of
the microstructure no longer play such a prevalent role. We illustrate
this by the following procedure: Choosing nine different window sizes,
ranging from approximately 400 pm? to 108900 pm? (equivalent side
lengths are given in Fig. 18), the martensite phase fraction is calculated
in each of these windows. We used two different approaches to
distribute the windows across the panoramic image: random placement
across the panoramic image stipulating zero overlap and placement
around nine regularly spaced points of a 3 x 3 grid. The latter allowed us
to compare measurements using the entire area of the square panoramic
image, while the first gives a more realistic scenario for measurements of
area fractions without the use of panoramic imaging. Both approaches
are illustrated for selected window sizes in Fig. 17. Random placement
was employed up to window size 8 as displayed in Fig. 18.

From these boxes, we calculated the mean and the respective stan-
dard deviations for each group of nine windows of equal size. The result
is shown in Fig. 18. We can clearly see that the smaller windows show a
very large variation, as expected, since these measurements are much
more sensitive to the local variation of the microstructure compared to
larger windows. This result exemplifies the importance of large and
multiarea analysis for quantifying the widely heterogeneous micro-
structures like the DP800 steel in the current research. The results
confirm the possibility of a high fluctuation of the results even for
reasonably large areas. This is highlighted here in Fig. 18a) when
comparing the measurements for sizes 3 and 4, which may look small
considering the illustration in Fig. 17, but correspond to a total
measured area of a square with a side length of 183 and 294 um,
respectively. In addition, despite the observed convergence in the
determined average martensite phase fraction by increasing the ana-
lysed window size, a noticeable dispersion in the values persist at the
window size of 330 um x 330 um. We note that this represents a large
area equal to 1 mm? in total for all 9 measurements and therefore would
likely be uncommon in past literature for materials such as this DP800
steel, which contains phase detail to the sub-um scale but cannot be
reliably segmented using thresholding across a large area or by using
constant settings across many different images. The persistent scatter is
therefore likely due to the even larger length-scales of the undulating
martensite bands intersecting the surface. A comparison between the
size-dependent data for randomly placed windows for phase fraction
analysis (sizes 1-8 in Fig. 18a) and the same analysis for regularly ar-
ranged, concentric windows (Fig. 18b), underscores this assumption. In
the latter case, the distribution of values for each window size appears
self-similar and even for the largest window size, each measurement is
clearly not representative of the microstructure as a whole. Phase frac-
tions are commonly given as whole %, but without measurements across
even larger areas, the minimum size for a reliable measurement that
discriminates phase fractions reliably to within 1 % cannot be calcu-
lated. In the future, automated panoramic imaging coupled with large
area phase segmentation, as presented here, may however help provide

12
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Fig. 17. A) panoramic sem image and segmentation of the image shown in (a).
bounding boxes of different size were used for phase fraction calculation and
replicated 9 times across the panoramic image either (b) randomly (red and
yellow dashed squares) or in b) a regular grid to achieve maximum area without
overlap. the numbers given correspond to the sizes given in Fig. 18.
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Fig. 18. Area fraction of the martensite phase from 10 different window sizes and using either random (a) or regular (b) spacing of the windows (cf. Fig. 17). Each
area fraction is calculated from 9 windows, for which individual values, average and standard deviation are given.

quantifications of microstructure variability to be used instead, e.g. by
measuring fluctuations along long line-like scans (instead of the square
shape used here) across a surface. In any case our results highlight the
fact that martensite phase fraction statements from area measurements
using microscopy in dual phase steels may be associated with very large
errors that sensitively depend on the underlying area that was evaluated
and how this area or segments of the total area measured were placed
with respect to long-scale microstructure fluctuations, such as the
martensite bands in our dual phase steel. Although this result would
appear entirely expected, at least with respect to the deviations between
measurements of smaller areas, the majority of publications only state
how a phase fraction was measured. They thereby omit the essential
information on the total area investigated for this purpose, in spite of the
uncertainty of the measurement, which we show here may commonly
exceed the accuracy at which the phase fraction measurements are
stated and compared.

4.3. Application of large area segmentation 2: Geometric analysis of
deformation-induced damage features

In addition to using segmented microstructures for a direct replica-
tion in modelling, as exemplified in the previous section, quantitative
descriptions of microstructures and features contained therein are often
used to study the distribution of features or create representative mi-
crostructures for modelling [99,106-110].

The segmented panoramic images of the microstructure presented in
this work is particularly suitable for the study of rare or variable
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features. In the case of the strained dual phase steel, we consider here
the geometry of damage sites. As an alternative to performing direct
simulations on the segmented microstructures, as exemplified above,
average measures of their morphology can also be used to create syn-
thetic microstructures, inform continuum models requiring damage
distribution, size or aspect ratio as input, or to assess the spatial distri-
bution of particular types of damage across a sample or in relation to
other microstructural features. Here, we will exemplify two applica-
tions, namely the investigation of the arrangement of the phases sur-
rounding particular types of damage sites originating from either
martensite cracking or interface decohesion and the geometry of these
two different classes of damage in terms of their inclination angle to the
major strain axis and the void area. For identification of the underlying
damage mechanism at the many damage sites contained in a panoramic
image, we employed the convolutional neural networks introduced in
[30,37] using the unsegmented image data for damage type classifica-
tion (as the neural networks were not trained on segmented data) and
continuing on the same sites using the additional segmentation infor-
mation obtained here.

Fig. 19 shows an analysis of the angular distribution of the ferrite and
martensite phases around interface decohesion (IF) and martensite
cracking (MC) sites from around 650 images of each type. The number of
the studied damage sites in comparison to similar studies [106] is larger
in this work (27 vs. 1300 images) to provide damage sites with varia-
tions in the local microstructure. Although there are some similarities in
the studied local environment, the use of the segmented microstructures
allowed us to extract and quantify the phase distribution around the



S. Medghalchi et al.

(a) IF (b) MC

Schematic
representation

° 100

(72}

< S <

'S.'é 80 =~
E 3

bl

=2 60 5

= & 3

&0 2 3

20

Materials & Design 243 (2024) 113031

o —_
o (=]
(=]

D
(=]
Occurence [%]

(¢c) Partial MC

40

100
90 g 20

(0]
80 2 .

2 (d) Through thickness
08 MC

o 100
60
50 80

N

& o
(=) (=)
Occurence [%]

[
(=]

Fig. 19. Angular profile of martensite phase distribution around different types of damage sites. a) Interface decohesion (IF), b) martensite crack (MC). Martensite

crack sites comprise two types of cracks partial (c) and through-thickness (d).

damage site. For example, the angular distribution of hard phase is a
similar metric to the 2-dimensional distribution of pixel values proposed
in the previous investigation [106], while the direct microstructure
segmentation ultimately allowed the reduction of the 2-dimensional
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phase distribution around the damage site to the 1-dimensional
angular profile. This distribution also represents a major aspect cited
by human researchers in their decision to classify image data of damage
sites in dual phase steel [30]. With large area segmentation data now
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Fig. 20. Distribution of (a) the inclination angle and (b) aspect ratio of two common damage site types (MC: martensite cracking, IF: interface decohesion). The
average width of the surrounding martensite for (c) IF and (d) MC sites is shown in terms of the distance from the site/crack edge with the average plotted as full line
and the envelope of the corresponding standard deviation highlighted in a lighter shade. In the case of martensite cracks, the data shown in (d) may again be divided
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available and encompassing many sites, this kind of data can now be
used to formulate a representative geometric signature of the two
damage types, in order to circumvent the use of neural networks for
damage site classification when using segmented data. Conversely, this
analysis may be used to monitor (training) data quality as change in this
type of analysis may be expected if different classes of damage sites are
inadvertently mixed or if data from very dissimilar microstructures is
added. In addition, the geometric analysis may also be of use to intro-
duce a sub-division of a class that was not applied during classification
network training. Here, the geometric analysis clearly distinguishes
partial and through-thickness cracks, as shown in Fig. 19¢ and d,
respectively. Such a sub-division may, for example, be useful when
following crack propagation during in-situ tests as crack nucleation sites
that may allow the observation of crack propagation could be easily
identified. This analysis can only be achieved by coupling the spatial
distribution of the adjacent microstructure with the damage type iden-
tified by a human or machine classifier.

Using the spatial phase information extracted from the segmented
micrographs enables the extraction of the full geometry of the damage
sites, specifically their inclination angle concerning the uniaxial tensile
direction, as well as their aspect ratio and the thickness of the martensite
area surrounding them, as presented in Fig. 20a (for the methods
employed to extract these parameters please refer to the detailed de-
scriptions in the supplementary materials). Although both classes
appear to be compatible with a Gaussian distribution, it is evident, that
the interface decohesion has a wider distribution and that the martensite
cracks are predominantly inclined perpendicular to the loading direc-
tion, whereas interface decohesion mechanism does not display a
discernible trend. This is in line with the normal stress driven brittle
failure of martensite islands and a measure which may change as the
stress-state is varied, for example towards biaxial straining [37]. Also
consistent with the underlying deformation mechanism, the martensite
cracks have a higher tendency to larger aspect ratios, that is a large crack
length coupled with smaller crack opening, compared to interface
decohesion, which is driven by plastic flow inside the ferrite phase
Fig. 20b.

In addition to these fairly obvious observations that may be of use
where different strain paths or microstructure morphologies are to be
compared, the segmented data may also in the future be used to learn
more about an individual mechanism and its relation to the surrounding
microstructure. As example, we show here an analysis of the sur-
rounding phase’s thickness. Again, the distinction between interface
decohesion and martensite cracking reveals the expected tendency,
namely that in the case of interface decohesion the martensite island is
distributed mainly to one size (cf. Fig. 19) and therefore a larger
thickness of martensite is also found towards one side of the crack
Fig. 20c. Similarly, martensite cracking is likely to occur at the nar-
rowest point of martensite islands giving a favourable crack path normal
to the tensile axis. This is indeed found for the martensite crack here and
corresponds to the central minimum of the curve in Fig. 20d. Note that
the shaded areas in Fig. 20c-e indicate the standard deviation of the data
around the average martensite island width marked with the full line.
This implies that for most of the martensite cracks, a local minimum
width can be identified at the crack site with most curves showing a
shape similar to the average highlighted in a darker shade in Fig. 20c-e.
Interestingly, there is again a visible separation between the partial and
through-thickness cracks, as plotted in Fig. 20e. The larger thickness
reduction around the crack in through-thickness cracks may be the
result of martensite plasticity during crack propagation or a pre-existing,
stronger constriction of the island favouring crack propagation through
the entire thickness of the island. Island thickness may also play a role in
addition to any stress concentrating features, as revealed by a tendency
of through-cracks to be found in thinner islands, consistent with accel-
erated crack growth as the process zone of the crack exceeds the frac-
turing volume. While we cannot draw definite conclusions on this
matter based on the data presented here, a careful geometric analysis of
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martensite island shape and any deformation-induced changes in un-
deformed and deformed dual phase steel may directly contribute to
current research questions surrounding martensite plasticity in dual
phase steels. Extending the present work towards detailed EBSD based
investigations, which would integrate local orientation information of
the phases into the current analysis, may provide an even deeper un-
derstanding of the underlying damage mechanisms. For example, by
collecting orientation data from many martensite islands, statistically
relevant and more direct data on the role of martensite laths and
martensite plasticity [111-113] may be acquired for different defor-
mation conditions, alloy compositions, heat treatments or variations in
the immediate phase distribution and morphology.

Overall, we show here that segmentation may play an important role
in assessing microstructural features and interpreting their occurrence
and correlation with other physical mechanisms like deformation-
induced damage formation. Machine learning based image segmenta-
tion of large panoramic data may now also serve as an alternative
approach to side-step detection and classification of microstructural
features, such as damage sites of different types [30], which was not
possible previously based on the microscopy data alone. Conversely,
where machine learning algorithms for classification of microstructural
features have already progressed to high maturity or large training
datasets have been generated, subsequent segmentation may still be of
use to monitor changing training data sets where a hypothesis about
feature shape or the distribution of surrounding phases can be formu-
lated. Additionally, recent investigations have developed some auto-
matic machine learning based low dimensional descriptors to establish
microstructure-property relationships for microstructures with com-
plex morphologies [109].

4.4. Application of large area segmentation 3: Microstructure data for
modelling

It is well established that finite element simulations can be used to
analyse the properties of a given microstructure numerically, such as, for
example, to derive a stress or strain map of the material [114]. However,
as a prerequisite, one either needs to employ measures that allow the
creation of meaningful synthetic microstructures or, alternatively,
“convert” experimental microstructural data into a suitable numerical
representation. Here, we again exploit the capabilities of the nnU-Net
segmentation algorithm to analyse a large panoramic electron micro-
graph, which allows us to either model a large area or extract many
smaller simulation sites for the same experimental sample and condi-
tions featuring specifically or randomly selected sites, as illustrated in
Fig. 21.

Any in-depth discussion or application of different modelling ap-
proaches are beyond the scope of this work, however, we note that
segmented microstructural images from large areas may be important
for modelling of microstructures that vary at different length scales as
they enable a free choice of simulation cell size to capture the desired
features and processes at small scales, e.g. damage nucleation at indi-
vidual phase boundaries, and also allow scaling on the same underlying
experimental data to capture phenomena at larger scale, such as the
coalescence of many damage sites [116]. At the same time, they side-
step the need for feature generation, e.g. again by generative machine
learning methods, which is fraught with its own challenges and requires
additional training and quality control.

5. Conclusions

In this work, we have introduced two new methods for microstruc-
ture segmentation based on artificial intelligence with a focus on
applying these to large-scale panoramic electron micrographs. As a case-
study, we used a commercial dual-phase steel that is used in a wide
range of applications but challenging to segment. Both methods show
good performance and can be used for segmenting panoramic electron
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Fig. 21. Illustration of the use of segmented images for modelling of representative features in terms of their size relative to other microstructural components (a-c),
different geometries (d-i), or variable distributions within the surrounding microstructure (j-1). Example of finite element mesh (n) and strain calculation (o) using
electron micrographs of dual phase steel segmented by the authors taken from [115] distributed under the terms of a Creative Commons CC BY license.

microscope images. A detailed side-by-side comparison of the methods
and their applications lead to the following conclusions:

i. Both the nnU-Net and DB-GAN ensemble methods exhibit effec-
tive segmentation capabilities for electron micrographs on a large
scale, showcasing a high degree of generalizability.

. At similar image resolutions, both methods demonstrate compa-
rable pixel-by-pixel accuracy.
Where a high degree of in-built automation is of essence, the nnU-
Net method is preferred, as it segments panoramic images
directly without the need for the user to crop or stitch panoramic
data.
In contrast, the DB-GAN ensemble method involves external
cropping and stitching. This comes at the cost of additional pre-
processing steps and potential artefacts but may be beneficial
where different pre-processing methods or parameters are to be
evaluated.
. Segmentation of microstructures with heterogeneity from the
sub-um to mm-scale scales enables easy area fraction measure-
ments across large panoramic images. Our results also highlight
the uncertainty of such measurements and the importance of
choosing and stating the considered image size and placement
carefully.
The segmented and therefore discretized microstructure also
provides data that can be directly used as input for modelling at
the microstructural scale and allows the extraction of detailed
geometric data about many features, such as deformation-
induced damage sites and how these relate to the surrounding
phase distribution.

iii.

iv.

Vi.
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