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The segmentation of images obtained through techniques such as computed tomography is a key step
in generating digital twins of porous microstructures. A common approach to segmentation is the use of
supervised machine learning algorithms, such as U-Net. The training data required for such algorithms are
usually obtained by manual labelling, which is extremely time consuming and often inaccurate. We present a
method for synthesising realistic training data for segmentation algorithms. This method generates the data in
a two-step process that iteratively improves the quality of the synthesised training data. Finally, we validate the

similarity between synthetic and real data using quantitative and qualitative metrics and further demonstrate
the effectiveness of the synthetic data by experimentally validating segmentation results against measured

material properties.

1. Introduction

Computer-aided materials investigation is a common approach to
accelerate materials development. These investigations rely on digital
material twins used for simulations and experiments. One approach
to generating such digital twins is reconstruction from imaging tech-
niques such as computed tomography (CT). Typically, the first step
in this reconstruction is to segment the images into foreground and
background. A common practice for segmentation is using histogram
metrics to determine a global threshold [1-4]. These algorithms aim
to find a threshold value in the image’s histographic description, re-
sorting to different metrics to determine whether a pixel belongs to
the background or foreground. These techniques often lack accuracy in
noisy images and images without a distinct separation of the histogram
into two or more peaks. This is because some foreground pixels share
the same values as background pixels, resulting in faulty segmentations
(Fig. 1).

Therefore, more sophisticated segmentation techniques and algo-
rithms such as variable thresholding [6-9], region growing [10,11]
and level set methods [12,13] have been developed and applied. More
recently, the portfolio of available segmentation methods has been
extended by machine learning techniques, of which Minaee at al.
[14] and Seo et al. [15] provide comprehensive overviews. One of
these methods uses models based on the U-Net architecture [16]. This
machine learning model was first introduced in the field of life sciences
but has proven to be a reliable segmentation and prediction technique
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in many other disciplines, such as photogrammetry [17,18], satellite
imaging [19], and physical field predictions [20-24]. As a supervised
learning algorithm, conventional U-Nets require ground-truth data,
i.e., the segmented image for each input image to be trained. This
ground-truth data is usually obtained by segmenting images manually,
which is exceptionally time-consuming and notoriously inaccurate due
to human errors [25-28]. Therefore, the artificial generation of re-
alistic and physically consistent ground-truth data offers a promising
approach to accelerate the training process and improve prediction
performance [29-34]. When employing artificial data, ensuring the
reliable performance of the trained network on real data is crucial. Val-
idating this transferability typically involves comparing the geometric
properties of the physical sample — such as porosity or surface area —
with those of its digital twin [35-37]. In cases where the (geometric)
properties of the physical sample are unknown, validation may become
impossible.

To address this challenge, we propose a novel two-step approach for
generating artificial training data suitable for microstructure segmen-
tation tasks. Our method combines algorithmic and machine learning
techniques to gradually enhance the similarity of the synthetic data to
real-world examples. In our use case, this corresponds to CT images
of foam structures. To assess the quality of the generated data, we
compare synthetic and real images using image embeddings derived
from a pretrained encoder network. Furthermore, we evaluate the seg-
mentation accuracy of neural networks trained solely on synthetic data
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Fig. 1. Histogram-based Otsu [5] segmentation of grayscale images. The chosen threshold (centre, red vertical line) binarises the input images (left), resulting in the binary images
(right). Overlaying the binary images onto the input images (bottom) visualises the mis-segmentation of some pixels, particularly the erroneous segmented area at the top right of
the image (bottom, red oval). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

by comparing their predictions to experimentally measured material
properties. This dual validation strategy confirms that segmentation
accuracy obtained on synthetic data can be reliably transferred to real
data, effectively mitigating the lack of labelled physical samples and
supporting model screening in low-data regimes.

2. Methods
2.1. U-Net architecture

The U-Net is a machine learning architecture originally developed
for biomedical image segmentation [16] and is based on a Fully Convo-
lutional Network [38]. The basic concept of the U-Net is the sequential
use of an encoder and a decoder, which are interconnected via skip
connections. The encoder of the network reduces the size of the input
images while increasing their feature space, capturing the context of
the images. This is achieved by convolving the images using multiple
convolution layers and then reducing their size using a pooling layer.
The combination of convolution and pooling is called a level in the U-
Net. Depending on the number of levels, this process is repeated several
times. After passing through the encoder, the images are expanded back
to their original size in the decoder. This is implemented by a series of
up-convolution and convolutional layers symmetric with the encoder.
The skip connections between the encoder and the decoder are essential
parts of the U-Net. These connections concatenate the output of each
encoder level to the input of the corresponding decoder level. This
helps to locate the extracted features within the image as it adds spatial
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information of the image to the decoder (Fig. 2). To use the U-Net for
binary image segmentation, a final convolutional layer in the network
with a softmax or sigmoid activation function transforms the output to
unitary values.

2.2. Generative adversarial network

Generative Adversarial Networks (GANs) provide a useful frame-
work in machine learning, particularly in generative modelling [39-
41]. Introduced by Goodfellow et al. in 2014 [42], GANs consist of two
neural networks — a generator and a discriminator — that engage in
a competitive training process. The generator synthesises data samples
from random noise, aiming to produce outputs resembling real data,
while the discriminator attempts to discriminate between real and syn-
thetic samples. Through iterative adversarial training, GANs gradually
improve and converge to an equilibrium where the generator produces
highly realistic samples. This adversarial setup enables GANs to capture
complex data distributions and generate high-quality synthetic data. A
schematic illustration of the GAN architecture is shown in Fig. 3.

2.3. CycleGAN

CycleGAN was introduced in 2017 by Zhu et al. [43] and presents
a powerful algorithm for unpaired image-to-image translation. In the
field of image segmentation, it has proven to be a reliable method for
data augmentation [44-46].
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Fig. 2. Qualitative scheme of the U-Net architecture.
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Generator

Fig. 3. Schematic illustration of the GAN architecture. The generator creates new
synthetic datasets seeking to convince the second model, the discriminator, that
the synthetic data is real. The discriminator learns to differentiate between real
and synthetic images. Training these networks adversarially gradually improves the
generator and discriminator, resulting in a generator capable of creating highly realistic
samples.

Fig. 4 shows a schematic overview of the CycleGAN architecture.
A CycleGAN consists of two GAN networks G and F. These networks
learn the mapping G : X — Y and F : Y ~ X such that the distribution
of images from G(X) is indistinguishable from Y and F(Y) from X.
To facilitate training, the networks are constrained through a cycle-
consistency loss which enforces that F(G(X)) ~ X and G(F(Y)) ~ Y.
[43] For more detailed information on CycleGANs, see Zhu et al. [43].
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Fig. 4. CycleGAN architecture.
Source: Adapted from Zhu
et al. [43].

2.4. Pycnometry

Liquid pycnometry, as described in EN ISO 1183-1 [47], is an ex-
perimental technique for determining a material’s density by weighing.
The procedure uses a pycnometer, a glass container of known volume.
First, the empty pycnometer is weighed. It is then filled with the
immersion liquid and weighed again. Next, a defined amount of the
sample material is placed into the pycnometer, which is subsequently
filled with the immersion liquid and weighed once more. From these
measurements, the density of the material can be calculated according
to pg = (mgXpyrp)/(m —m,),where mg is the mass of the specimen, p;;
is the density of the immersion liquid, m, is the mass of the immersion
liquid required to fill the empty pycnometer and m, is the mass of
the immersion liquid required to fill the pycnometer containing the
specimen. In this work ethanol is used as immersion liquid which has
a density of 0.81 g/cm>.
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3. Data generation

Our method for generating realistic training data consists of two
steps that iteratively refine the data quality. Each step generates syn-
thetic data and trains a U-Net for segmentation. Since a U-Net relies on
supervised learning, the generated datasets always consist of grayscale
images as input and their corresponding segmented binary labels as
output. In the following, we describe the two steps of our data gen-
eration process in detail. The process requires exemplary image data,
for which training data should be generated. In our case, we use CT
scans of a polyurethane foam. The scans are taken from the same foam
but at different positions, resulting in slightly different microstructures.
We refer to these CT scans as Sample 1, Sample 2, and Sample 3.

3.1. First step: algorithmic

The purpose of the first step is to train a U-Net that offers improved
image segmentation, which the second step of our data generation
process can build upon. For this, we algorithmically synthesise artificial
training data using the workflow shown in Fig. 5.

In this workflow, we first binarise the available CT images of foam
structures using a conventional thresholding technique in the form of
the Otsu algorithm [5]. From the binarised images, we reconstruct a
three-dimensional digital model of the foam structure. Through struc-
tural analyses of this digital model, we obtain approximate properties
of the real foam, such as the porosity, the pore size distribution,
and the mean wall thickness. These analyses are performed using
the simulation framework PACE3D [48]. The use of other publicly
available tools [49-51] is also possible at this point. Next, based on
the obtained structural properties, we algorithmically generate similar
foam structures using a generation algorithm [52] available in PACE3D.
Other publicly available generation algorithms [50,51,53] can also be
used for generating the foam structures. Slicing the generated structures
into binary images along their height provides binary image stacks.
To derive the corresponding grayscale images, the binary images are
turned into 8-bit grayscale images and smoothed using Gaussian blur.
The contrast of the 8-bit images is further adjusted, and Gaussian Noise
is added to them. These manipulations are all performed in the open-
source software Fiji [49]. A macro that performs this conversion from
binary to grayscale images is publicly available [54]. At this point, the
first synthetic dataset has been successfully created and is available
for further use. Exemplary input and corresponding target images are
shown in step 7 of Fig. 5.

3.1.1. Model training

The first dataset enables improved image segmentation, which the
second data generation step can build upon. We train a U-Net on the
just-created data. For this, the workflow described above generated
12000 input and output images of different foam structures. To obtain
an information-rich database, the structural properties of the generated
structures vary around the properties measured in the binarised CT
images. A 70-20-10 data split creates the training, validation, and test
sets. Next, a Hyperband search followed by a more targeted Bayesian
hyperparameter optimisation determined the optimal parameters for
the U-Net architecture. Within this optimisation, the number of levels,
kernels, convolutions, learning rate, and kernel size were varied. The
search resulted in an architecture of 5 levels, 2 convolutions per level,
average pooling, and a kernel size of 4. For training the model, the Dice
Loss mitigates the negative effects of unbalanced distribution between
foreground and background pixels on model performance, as suggested
by Milletari et al. [55]. Additionally, preprocessing the input images by
adding Gaussian noise with a standard deviation of 0.05 during training
imitates the noise visible in real CT images. Training a U-Net model
with these parameters on the first dataset created a network with an
accuracy of 99.6% on the test data.
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Fig. 5. The first step of the data generation process. CT scans (1) are binarised with Otsu thresholding (2), reconstructed (3), and analysed statistically and physically (4). From the
statistical and physical properties, artificial foam structures are synthesised (5), sliced into stacked images (6), and processed to resemble CT scans with known ground truth (7).

3.2. Second step: data-driven

While the U-Net already performs well on algorithmically generated
training data, it remains challenging to make quantifiable statements
about its performance on real CT data. This is because the first training
dataset may not capture all the details of real CT data and thus may not
accurately mimic them. We therefore introduce the second step of our
generation approach, as illustrated in Fig. 6. In this step, data-driven
algorithms improve the quality of the synthetic data, pushing it closer
to real data. The generation of this dataset follows a similar procedure
as the one shown in Fig. 5. First, the U-Net trained in the first step
of our developed method binarises the available CT images. Next, the
binarised images are used to train a Generative Adversarial Network
(GAN) to synthesise realistic binary images. After editing the GAN-
synthesised binary images using the watershed algorithm, a CycleGAN
processes them to obtain CT-like grayscale images. This results in a
synthetic training dataset consisting of realistic grayscale images and
their binary target counterparts. In the following, we describe the
artificial data generation and the noise addition using GANs in more
detail.

3.2.1. Artificial binary image generation

Training a GAN to generate realistic binary images of foam struc-
tures requires real data that the GAN should mimic. For this, the
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binarised CT images segmented by the U-Net trained in the first step
are used (Section 3.1).

After training the GAN on this data, the generator of the GAN can
produce realistic binary foam structures. It is important to note that
the GAN was trained using CT data segmented by the first U-Net.
Therefore, the generator of the GAN can only synthesise images similar
to the output of this U-Net. Any structural features in the CT data not
identified by the U-Net will not be present in the generated images.

To identify such possible features, we manually compare the seg-
mented CT images to their original grayscale counterparts. This reveals
that extraordinarily thin pore walls are not identified by the U-Net
and are missing in the binary images. To ensure that these structural
features are present in the new dataset, the GAN-generated binary
images were post-processed using the Watershed algorithm [56]. This
algorithm automatically identifies the pores in a binary image and
separates them from each other by adding thin walls to the image.
In this way, realistic closed-cell foam structures with filigree structural
features intact are obtained. To avoid biasing the dataset by adding this
structural information, only half of all GAN-generated images are post-
processed in this way. Fig. 7 shows two exemplary GAN synthesised
structures, one without and one with added structural information.
The influence of this added structural information on the segmentation
accuracy of a trained network is investigated in Section 4.

UNet-
Binarisation

GAN Training

Fig. 6. The second step of the data generation process. CT scans (1) are binarised using the U-Net trained in the previous step of our method (2). A GAN is then trained on the
binarised CT images to generate realistic binary foam structures (3). The binary images obtained from the GAN generator (4) are processed using the Watershed algorithm to add
missing structural features (5). Using a CycleGAN trained on real CT data (6), the binary images are turned into grayscale images with known binary targets (7).
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a)

Fig. 7. Images generated by the GAN generator. (a) An exemplary output of the GAN
generator. (b) A microstructure post-processed using the watershed algorithm to add
thin structural elements.

3.2.2. Artificial noise addition

To complement the enhanced synthetic training data, the grayscale
images corresponding to the GAN-generated binary images are created.
A CycleGAN architecture generates these grayscale images by applying
realistic noise to the previously synthesised binary images. As described
in Section 2.3 this architecture learns unpaired image translation and
consists of two GAN models.

In our use case, this architecture (see Fig. 4) translates into the
following CycleGAN components. The generator G learns to map binary
images (X) to grayscale images (Y), while the discriminator Dy learns to
distinguish between real and fake grayscale images. The generator F, on
the other hand, translates grayscale images (Y) into binary images (X)
and the discriminator Dx discriminates between real and false binary
images. The use of a cycle-consistency loss further ensures that a binary
image X, which has been translated by G into grayscale and then back
into binary by F, equals the original binary image X.

As CycleGANs can be trained on unpaired data, our network is
trained using the binary images synthesised by the GAN described in
Section 3.2.1 and the real grayscale CT images. Within the CycleGAN
itself, the U-Net architecture is used for both generators. Training the
CycleGAN creates a generator G that can augment binary images to
resemble grayscale CT images. Applying this generator to the GAN
synthesised binary images, finalises the second synthetic dataset and
completes the two-step data generation process.

In Fig. 8, we compare a grayscale synthetic image of the just created
dataset to a real CT image. To the human eye, the synthesised grayscale
image is almost indistinguishable from the real data, suggesting a close
resemblance between our training and real data.

a) b)

Fig. 8. CT and synthetic images for comparison. (a) An original CT image. (b) A
synthetic grayscale image generated by applying noise to a GAN-generated binary image
using our CycleGAN.

4. Results

The described generation process can synthesise highly realistic
training data for images segmentation tasks. To validate the subjec-
tive impression of similarity between real and synthetic images, we
conducted both data-driven and experimental evaluations.
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4.1. Data driven investigation

To quantitatively assess the similarity between real and synthetic
images, we employed the Fréchet Inception Distance (FID), a widely used
metric for the evaluation of image generation models. FID computes
the Fréchet distance between two multivariate Gaussians fitted to fea-
ture representations extracted from image datasets using a pretrained
encoder network.

In our study, we utilised a ResNet50 network trained on the Mi-
croNet [57] dataset, a publicly available collection of grayscale material
images acquired through methods such as Scanning Electron Microscopy
or Computed Tomograpy. As this dataset closely resembles our CT data
in structure and modality, the resulting feature representations are
expected to be more relevant than those extracted by the commonly
used InceptionV3 model pretrained on ImageNet.

To extract features from each image, we removed the final fully
connected layer of the ResNet50 model. This yielded 2048-dimensional
feature vectors, which were used to compute the FID scores. As our
encoder differs from the standard InceptionV3, existing reference FID
values cannot be directly applied. To establish a meaningful baseline,
we computed the FID between the different CT scans that we acquired
from different subvolumes of the same foam structure. These intra-CT
comparisons serve as a reference for evaluating the similarity between
real and synthetic images. For each of these CT scans a synthetic dataset
was generated. Table 1 shows the measured FID between the real and
synthetic datasets including the data generated in the first step of the
generation process. In the table we refer to the data generated in the
second step as GAN and to the data from the first step as algorithmic.

Table 1
Fréchet Inception Distance between the real and synthetic datasets.

Sample 1 Sample 2 Sample 3 GAN Algorithmic
Sample 1 0 18.72 37.97 3.85 99.69
Sample 2 18.72 0 13.62 2.61 78.10
Sample 3 37.97 13.62 0 4.47 51.09

The baseline intra-CT FID scores range from 13.62 to 37.97. In
contrast, the FID scores between real and GAN-generated datasets are
significantly lower, ranging from 2.61 to 4.47. This indicates that
the synthetic data closely mimics the statistical properties of the real
datasets. Furthermore, a clear improvement in realism is observed
when comparing GAN-generated images to those produced by a tradi-
tional algorithmic approach. To assess the impact of post-processing,
we investigated the effect of varying the proportion of images en-
hanced with watershed segmentation on the resulting FID scores. Fig.
9 shows that this post-processing step slightly affects the FID, with its
influence varying across datasets, sometimes improving and sometimes
worsening similarity.
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Fig. 9. Influence of watershed post processing on the image similarity quantified using
Fréchet Inception Distance. (For interpretation of the references to colour in this figure
legend, the reader is referred to the web version of this article.)
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Therefore, the decision to apply post-processing should be made on
a case-by-case basis, depending on the characteristics of the dataset
under investigation. Whether these FID variations translate into dif-
ferences in segmentation performance is examined experimentally in
Section 4.2.

To further evaluate how well the synthetic data captures the distri-
bution of real CT data, we applied the t-Distributed Stochastic Neighbour
Embedding (t-SNE) algorithm [58]. This unsupervised machine learn-
ing algorithm reduces the dimensionality of a dataset in a non-linear
manner while maintaining data point similarities. To achieve this,
it employs a distance metric to identify the nearest neighbours of
each data point to then map the high-dimensional data points onto
a lower-dimensional space while preserving the identified neighbour-
hood relations. For our dataset, we used the cosine distance metric to
measure the data point similarity. Prior to applying t-SNE, we reduced
the dimensionality of the image data by extracting latent embeddings
using the ResNet50 model pretrained on the MicroNet dataset, as de-
scribed earlier. The proportion of watershed-processed images included
in the analysis was chosen based on the configuration that yielded the
lowest FID score, as shown in Fig. 9. The resulting image embeddings
were visualised using t-SNE, and the output is shown in Fig. 10. Each
dot represents a grayscale image. The different CT datasets and their
respective synthesised image data are visualised in different colours.
As illustrated in Fig. 10, the encoder network is able to distinguish
between the different CT datasets (blue, orange, green), which form
well-separated clusters. Notably, the GAN-generated synthetic images
(purple, brown, pink) closely cluster with the real CT data they are
designed to mimic, indicating a strong overlap in the feature space. This
suggests that the synthetic data effectively cover the full distribution of
the corresponding real datasets. In contrast, the algorithmic images (red
dots) form clearly separated clusters, further underscoring the realism
achieved by the GAN-based generation approach.

s Sample 1 Synth. Sample 1
4 Sample 2 s  Synth. Sample 2
$e¥ o Sample3 Synth. Sample 3
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Fig. 10. T-SNE reduced visualisation of the image embeddings. GAN-generated images
closely cluster with their corresponding CT datasets, while the algorithmic images of
the first generation step form distinct, separate clusters. Cosine distance was used to
compute similarity. (For interpretation of the references to colour in this figure legend,
the reader is referred to the web version of this article.)

These data-driven investigations confirm that our generation
pipeline produces highly realistic image data that closely align with
the statistical and structural characteristics of real CT scans.

Next, we present experimental evaluations to assess whether this
realism translates into improved segmentation accuracy when training
networks on the synthesised data.
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4.2. Experimental investigation

To quantify the segmentation accuracy of a U-Net trained on syn-
thetic datasets, we compared the porosity values derived from the
segmented CT images with experimentally measured porosities of the
corresponding foam structures. The porosities were determined by first
measuring the effective density pq; of each sample. The effective
density p,,, is related to the material porosity ¢ and the density of
the polyurethane matrix ppyg via p,r = ppyg - (1 — €) which can be
rearranged to express porosity as € = 1 = p,;,/ppyg-

Accordingly, accurate porosity estimation requires knowledge of the
polyurethane density ppyr. This was determined experimentally via
pycnometry, as described in Section 2.4. In our measurements, we used
ethanol as immersion liquid, which has a density of 0.81g/cm?. To
eliminate air entrapment and ensure accurate volume displacement,
the foam structure was ground to a coarse granulate. As defined in
EN ISO 1183-1 three separate specimens were measured and the mean
across all measurements was calculated. Table 2 shows the results
of these measurements. The density of the polyurethane matrix was
experimentally determined to be 1.411 g/cm?.

Table 2
Pycnometry results. Three separate measurements were conducted, and the mean
between them was calculated.

Unit Measurement 1 Measurement 2  Measurement 3 ~ Mean

value
mg [e] 0.2013 0.1964 0.2066
my [g] 7.0893 7.0933 7.0924
my [g] 6.9758 6.9789 6.9734

PPUR [g/em®]  1.437 1.391 1.406 1.411

Next, we measured the effective density of each sample to be
able to calculate their porosities. This involved first determining the
dimensions of the CT-scanned specimens, followed by weighing them
with a precision scale with an accuracy of 0.01 g. The resulting effective
densities and corresponding porosities are summarised in Table 3.

Table 3
Effective density and porosity of each sample. By measuring the effective density of
each sample, its porosity can be calculated.

Unit Sample 1 Sample 2 Sample 3
Pess [kg/m?] 154.93 197.72 248.34
€ [%] 89.02 85.99 82.40

These experimentally determined porosities serve as reference val-
ues for evaluating the segmentation performance of U-Net models
trained on synthetic data. For each sample, U-Nets were trained using
the respective synthetic datasets as well as algorithmically generated
data from the first generation step (see Section 3.1). To investigate the
effect of watershed-based post-processing on segmentation accuracy,
we varied the ratio of watershed processed data in the training sets.
The trained networks were then applied to the available CT data, and
the porosities computed from the segmented volumes were compared
to the experimentally determined reference values. Fig. 11 shows the
results of this validation. As shown in Fig. 11, U-Nets trained on GAN-
generated data consistently outperformed those trained on algorithmic
data. In all datasets, applying watershed post-processing improved
segmentation accuracy. To better visualise these differences, Fig. 12
shows example segmentation results. As evident from the figure, the U-
Net trained on GAN-generated data is better at capturing fine structural
features and more accurately preserves thin cell walls. In contrast, the
model trained on the algorithmic data of step 1 tends to overestimate
wall thicknesses, resulting in underestimation of porosity. This obser-
vation aligns with the quantitative findings and further supports the
effectiveness of the GAN-based synthetic data.

5. Conclusion
In this work, we have introduced a method that creates synthetic

training data tailored to improve supervised machine learning segmen-
tation algorithms. Utilising generative AI in the form of Generative
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Fig. 11. Influence of watershed post processing on segmentation accuracy. For each sample, watershed processed images improve the achieved segmentation accuracy.
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Fig. 12. Influence of watershed post processing on the segmentation of the available CT
images. For each dataset, results from Otsu thresholding, a U-Net trained on algorithmic
(step 1) data, and a U-Net trained on GAN-enhanced (step 2) data are shown.

Adversarial Networks (GAN), our approach yields synthetic data that
closely mimics experimental data with remarkable similarity.

This resemblance was quantitatively evaluated using low-
dimensional representations, including the Fréchet Inception Distance
(FID) and t-SNE visualisations, both of which confirmed a strong
similarity between synthetic and real datasets. Further experiments
compared the segmentation results of models trained on our synthetic
data with the actual structural properties of the foams. The resulting
segmentations demonstrated high accuracy, supporting the effective-
ness of our synthetic data in real-world scenarios. These findings
suggest that segmentation models trained on our generated data can
generalise well to real data, making this approach especially useful
for model screening in the low-volume data problem. Central to our
approach is the two-step, progressively refined generation of synthetic
data. In the first step, we algorithmically generate a training dataset
and train a segmentation network. In the second step, we build upon
this trained segmentation network to binarise the available real images.
On this binarised data, we train generative Al models to synthesise an
improved training dataset. This two-step approach makes our method
generic and easily adjustable to other use cases. To adapt to different
scenarios, only the generation algorithm of the first step needs to
be replaced by a suitable algorithm. For this, many different open-
source libraries are available that provide a great variety of generation
algorithms that cater to arbitrary use cases [50,51,53].

In summary, our method provides a broad approach capable of
addressing the challenge of inadequate or inaccurate training and
validation datasets, thus offering a promising solution to this pervasive
problem in machine learning research.
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