Composites Science and Technology 254 (2024) 110695

Contents lists available at ScienceDirect

COMPOSITES

SCIENCE AND TECHNOLOGY

Composites Science and Technology

journal homepage: www.elsevier.com/locate/compscitech

ELSEVIER

L)

Check for

Cycle-consistent generative adversarial networks for damage evolution e
analysis in fiber-reinforced polymers based on synthetic damage states

Ramon Helwing * Selim Mrzljak, Daniel Hiilsbusch, Frank Walther

Chair of Materials Test Engineering (WPT), TU Dortmund University, Dortmund, Germany

ARTICLE INFO ABSTRACT

Keywords: Analyzing computed tomography (CT) scans is challenging and time-consuming due to their high complexity.
Defects Machine learning, particularly in the form of segmentation techniques, has emerged as the state-of-the-art
Fatigue

approach for defect detection in parts and materials. However, the lack of pixel-accurate labeled training data
remains a significant challenge. This paper presents a damage state transformation approach based on a cycle-
consistent generative adversarial network (CycleGAN) using fatigue damage states of fiber-reinforced poly-
mers. The generated synthetic data is visually almost indistinguishable from real data. Introduced damage can be
determined by calculating the damage removed during the transformation from a high-damage state to a low-
damage state. Using multiple transformation steps in detecting and distinguishing different damage states the
effectiveness is demonstrated. In addition, the virtual addition of damage to undamaged specimens is investi-
gated. The results show that certain damages exhibit chaotic generation across successive slices while main-
taining semantic connections in specific regions across multiple slices. Overall, this research presents a valuable
approach for improved self-supervised damage detection and characterization in CT scans, with potential ap-
plications in materials analysis and structural health monitoring.

Damage mechanics
X-ray computed tomography
Deep learning

1. Introduction

Computed Tomography (CT) is a powerful technique, especially for
the detection of damage in fiber-reinforced polymers. Identifying de-
fects, and visualizing the material helps to understand interactions in the
material. However, CT datasets contain a large number of cross-
sectional images taken from different slices of the body. Each of these
images contains millions of pixels or voxels (3D pixels), leading to an
enormous total number of data points. Analyzing this high volume of
data requires a lot of computing power and time. Qualitative expert
analysis based on comparing different scans is time-consuming and
challenging to verify due to the massive amount of data. Therefore,
segmentation methods are used to quantify the damage, but the results
remain difficult to obtain and interpret.

Machine learning is increasingly used in favor of traditional seg-
mentation methods based on image processing with thresholding and
further improves segmentation quality [1-4]. State-of-the-art segmen-
tation models are based on deep learning, which recognizes highly
complex semantic relationships from the data and thus leads to accurate
and robust segmentation results, especially for difficult applications of
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medial CT or satellite image analysis [5-7]. While open-source training
data sets are available for many segmentation applications, they are
nonexistent for highly specialized tasks. Therefore, different approaches
are taken to compensate for this need with regard to the analysis of
damage in fiber-reinforced polymers.

Some machine learning algorithms can achieve stable predictions
with smaller data sets, while deep neural networks may exhibit over-
fitting. This makes an algorithm like random forest an appropriate
choice for limited training data [8]. Deep neural networks offer unique
advantages in certain scenarios because they can learn complex repre-
sentations and capture intricate patterns in the data. This makes them
highly effective for tasks such as image segmentation despite the risk of
overfitting, especially for small and variable datasets. Labeling for seg-
mentation is time-consuming because it requires manual annotation of
each pixel or region in an image, requiring a high level of attention to
detail and accuracy. As a result, generating labeled data becomes a
time-consuming task, further impacted by the potential introduction of
human bias, particularly during pixel-level annotation for segmentation
[2]. These noisy labels affect the performance of the network, especially
for small data sets or when the labels have a general bias [9,10].
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To take advantage of recent advances in deep learning for the anal-
ysis of fiber-reinforced materials, various strategies are employed. E.g.,
priory performed foreground segmentation reduces the variance of the
background data [11]. This approach simplifies segmentation by
dividing the segmentation into subtasks, reducing the demands on the
machine learning algorithm’s flexibility and decreasing the required
training data. Moreover, transfer learning proves valuable by using
large, freely available data sets to acquire an appropriate pre-trained
network. The network for defect detection is obtained by fine-tuning
through the acquired dataset [12-14]. Another widely used strategy is
data augmentation, which involves generating additional data through
operations such as random crop, flipping, resizing, or rotating. By
expanding the training data set in this way, the model can learn a larger
range of patterns and improve its performance [15-17]. Additional
physical data augmentation like random rotation and adapted acquiring
settings lead to a variational data set of this same specimen [18].
Advanced deep learning methods like synthetic image generation based
on conditional generative adversarial networks (cGANs) and variational
autoencoders are used to increase the amount of training data [19].
Cheng et al. trained the segmentation network not directly on the
labeled data, but the discriminator approach evaluates the generated
data [20]. This GAN approach shows a good generalization of the seg-
mentation network for the experimental data.

By reducing the complexity of the segmentation task in the training
data a semi-automatic generation of training data can be applied. High-
resolution methods for volume analysis (e.g., CT) are used for capturing
detailed and precise information about the objects or regions to be
segmented. This data is then used as a reference to train and validate
models for the segmentation of low-resolution methods (e.g. data from
ultrasonic scans). By using this high-quality data for labeling, the models
can learn to better capture fine details and subtle differences in input
information and produce accurate segmentation results. This enhances
the accuracy and quality of the segmentation and automates the gen-
eration of training data [21]. In some cases, however, the correct overlay
is difficult to achieve. Badran et al. found that tilting microscopy images
relative to the reference CT images resulted in the misalignment of the
two images. Therefore, it may be necessary to take steps to achieve the
correct superposition [18]. By selectively integrating stitched fibers into
a specimen generated specifically for training, segmentation can be
performed based on the presumed static position of the fibers. The
generated segmented data is then used to detect fibers that are in
random orientation [22].

Simulation-based generated material responses enrich the training
data and can partially completely avoid training with real-world
experimental data using the simulative introduced defects is based on
the influenced of the lambda wave propagation, strain field and thermal
conduction, creating training data from the defect position and size and
the material response [13,20,23]. The segmentation model is validated
against experimentally recorded data and demonstrates high general-
ization despite being trained on simulated data [24,25]. However,
generating visually similar analog data in computed tomography is
challenging and requires expertise [26].

Especially for CT scans, labels are only provided at the image or scan
level. Supervised learning is then applied to categorize different image
categories based on these labels. By analyzing the network’s activity, the
discriminative regions in the image and the location of the object spe-
cific to the target class can be identified. High discriminatory regions,
estimated by class activation map (CAM), give the segmentation mask.
The mask is either processed for segmentation or used as pre-
segmentation for further training [27,28]. Due to the implementation
of the network, their segmentation is only available with a low resolu-
tion. Further refinement of the segmentation result is achieved by using
post-processing. However, heat maps of different CAM methods differ
greatly from each other, even when the same classification model is
used. Therefore, the usefulness of CAM methods for segmentation can be
questioned [29].
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Neural networks are utilized for regenerating a statistical target
distribution by generating visually indistinguishable images from the
target data through the implementation of a generative adversarial
network (GAN). The generator network of the GAN aims to produce data
that closely resembles the target distribution, while the discriminator
network of the GAN distinguishes real data from the generated data.
Through iterative training, both networks adapt and enhance their ca-
pabilities continuously. However, unlike traditional GANs that generate
images from random noise, input images are used as input for the
generator. By different training methods, this autoencoder-like gener-
ator can act like an image transformation, which repairs or introduces
damage in the input image [30]. The segmentation can be carried out by
comparing the initial image with defect-free output images [31].

Other authors use CycleGANS for this transformation. CycleGANSs, in
contrast to conventional GANs that generate images from random noise,
are composed of two generator networks and two discriminator net-
works. The first generator network converts the input data to a target
domain, while the second generator network converts the target domain
data back to the original input domain. The two discriminator networks
assess the quality of the generated data from both directions. The cyclic
structure of the network allows it to learn the mapping between two
domains and generate realistic images or data with the desired charac-
teristics [32]. The presented method achieves superior results to defect
localization by CAM and comparable segmentation performance to the
supervised state-of-the-art segmentation methods. It also recognizes
anomalies that are not present in the training data [33,34]. However,
the usability under artifact formation and noise of real CT datasets still
needs to be verified.

In this paper, a methodology of the virtual transformation of the
damage states of fatigued specimens into lower or higher damage states
is developed. The phenomenological appearance of the damage is
detected and recreated by a CycleGAN. The method is applied to and
demonstrated for the damage evolution of glass fiber reinforced polymer
in the high cycle fatigue (HCF) and very high cycle fatigue (VHCF)
regime. Be recreating a lower damage state, e.g. the initial damage state,
the damage in the specimen is separated by a self-supervised segmen-
tation based on labeling on the CT scan level. Since the segmentation is
based on the data itself and not on the segmentation labels, this method
does not require the time-consuming and user-influenced pixel-by-pixel
labeling that is necessary with supervised segmentation.

2. Material and experimental methods
2.1. Material

In this research, the CycleGAN approach is applied to the damage
evolution in glass fiber-reinforced epoxy resin for synthetic recreation
and validation of its applicability. The laminate structure comprises a
quasi-isotropic 8-harness satin weave with 16 fabric layers and a fiber
volume fraction of 45 %. The fiber material used is Hex-Force 07781
1270 (Hexcel) with a fiber diameter of 9 pm and Silane TF970 sizing,
and the matrix system employed is HexPly 914 (Hexcel). To ensure
minimal resin voids, the specimens undergo a curing process using an
autoclave [35].

2.2. Fatigue testing

Fatigue tests are conducted at room temperature using load control.
With regard to the high-cycle fatigue (HCF) regime, the tests considered
for this investigation are performed at a testing frequency of 6.8 Hz
using a servo-hydraulic testing system (Shimadzu EHF-UV100,
maximum force Frax = 100 kN, equipped with 30 kN load cell). For
the very high-cycle fatigue (VHCF) regime, a resonance fatigue testing
system (Rumul Gigaforte 50, Fyax = +50 kN, maximum force amplitude
F, = £25 kN) is utilized, capable of reaching a testing frequency of
approximately 1000 Hz. In both systems, a constant sinusoidal tension-
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tension load is applied with a load ratio (R) of 0.1, indicating cyclic
loading in the tensile range where the minimum stress is 10 % of the
maximum stress. The investigated maximum stress within the HCF
regime is set at 173 MPa, while for the VHCF regime, it is 95 MPa [35].
Due to self-heating, the specimen is actively cooled, leading to changes
in core temperature of maximum 15 K. On the surface of the specimen no
significant change in temperature can be measured [36].

For both regimes, specimens are cycled up to approximately 0.3 %,
20 %, and 80 % of their fatigue life and then removed from the testing
system, and subsequently, the damage is analyzed using computed to-
mography. The fatigue life is defined by the mean value of numbers of
cycles until specimen failure for all specimens investigated under the
same loading and testing conditions (results are published in Ref. [35]).
A special specimen geometry (Fig. 1) is chosen for both testing machines
to meets the requirements of the computed tomography in chapter 2.3.

2.3. CT scanning

After fatigue loading, the specimens are examined by X-ray micro-
computed tomography (uCT) using a Nikon XT H 160 system with a
focus spot size of 3 pm. The rotation axis of the specimen is positioned at
a distance of 54.6 mm from the source, which results in a geometric
magnification of 18.14 due to the detector-source distance of 990.8 mm.
Detector with a resolution of 1008 x 1008 pixels, which enables a voxel
size of 7 x 7 x 7 pm® in this scan configuration To facilitate in-situ
scanning during load application, an in-situ CT stage (Deben UK
CT5000) is utilized with a tubular load frame made of low X-ray
attenuating vitreous glassy carbon (Fig. 2). With the usage of a contrast
agent, the ability to detect damage is enhanced. The contrast agent
consists of 18 g zinc iodide, 3 ml distilled water, 3 ml isopropy! alcohol
and 3 ml Kodak Photo-Flo wetting agent. Cracks are penetrated by the
contrast agent due to the capillary effect, which increases the X-ray
absorption, thereby improving the detectability of damage significantly
[37,38]. In addition, the application of a tensile load further enhances
the visibility of defects by reducing the effects of crack closure. The
static loading is set to 90 % of the maximum stress applied during fatigue
loading, to ensure a valid representation of the damage stage. In this
study the following CT acquisition parameters were used: tube voltage
120 kV, tube current 59 pA, exposure time 354 ms, 1583 projections,
8-fold superimposition of each image. The CT scans are performed
sequentially so that each cycled specimen is scanned only once since the
contrast agent and the superposed loads during the CT scans alter the
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Fig. 1. Specimen geometry for uCT (in mm).
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Fig. 2. In-situ CT loading frame with X-ray source.

damage evolution of fiber-reinforced polymers. Different CT scans of
different damage states for the HCF regime are shown in (Fig. 3). This
makes it impossible to directly observe and compare the damage evo-
lution in only one specimen without the influence of the static load and
contrast agent [39]. The reconstruction takes place by filtered back
projection utilizing the software CT Pro (Nikon). To reduce the potential
influence of degrading filament on the CT scan gray levels, the recon-
structed CT scans are normalized by the gray level of the matrix and
fiber.

2.4. Deep learning method

The framework of the CycleGAN consists of two generators (Gag and
Gga) and discriminators (Da and Dg). The data flow and the application
of the loss functions in the CycleGAN are shown in Fig. 4. The generator
Gap maps an image from dataset A to a representation of dataset B by
mimicking the characteristic features of dataset B. The synthetic dataset
gets evaluated by the discriminator Dg, which is trying to predict if the
input is from B or B. The same structure exists to map dataset A to A. To
avoid a random permutation of the transformation and therefore
diverging from the original image, the synthetic dataset is retransformed
back by the other generator. The resulting A and B are compared to their
instances of the original datasets A and B. These cycle consistency losses
are to prevent inconsistent transformation.

As network architecture for the generator a residual UNet is used
[40]. The architecture follows a U-shaped structure with an encoder for
information extraction and a decoder for information recovery. The
special feature is the so-called residual learning, in which the network
learns the difference between expected and predicted results to facilitate
training. The combination of UNet and residual learning allows the
network to utilize deep structures for complex pattern recognition while
improving trainability. The skip connection enables a direct flow of in-
formation between the encoder and decoder blocks and thus improves
the performance of a generator [41]. A detailed overview of the
generator structure is giving in Fig. 5. Analogs of Zhu et al. two 70 x 70
PatchGANs are used as discriminator [32,42]. The discriminators
network follows the structure in Ref. [43]. As a deep learning frame-
work, PyTorch is utilized. The training is carried out with an Nvidia RTX
A5000 GPU and an Intel Xeon Silver 4210R CPU.

In CycleGAN, the generators are trained using a composite loss
function. The generator loss, denoted as Lgey, is calculated based on the
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Fig. 4. The framework of a Cycle-consistent generative adversarial
network (CycleGAN).

L1 loss between the output of both discriminators Dg and Dp and the
synthetic data generated by the contradiction generators Gag and Gga.
This loss is computed for a batch size of N and is defined as:

1 1
Len = EZZJDB(GAB(AI-)) —1 JFNZJ,”:(JDA (Goa(B))) — 1]

The cycle consistency loss, denoted as Lcy., measures the L1 distance
between the reconstructed data and the original data. It is calculated by
back-transforming the data using the generators Gag and Gpp and
comparing it to the input data. The loss is given by:

N

1 1
Loe =33 1 oAt = Goa(Gan(A)] +x:> B — G (Gaa (By)) |

To improve the performance for periodic patterns an identity map-
ping loss is introduced [33]. This loss control measures the discrepancy
of the transformation form Gga(A) = A and Gpgp(B) = B.

1 1
Ly= NZ:V: JJA — Gea(A)| +NZJ,”:0|B,- — Gas(B))]

To control the relative importance of the composed loss function
Lgen, the cycle consistency loss (Lcyc), and the identity mapping loss (Lia),
scaling factors Acyc and Ajq are introduced. The overall generator loss
(Lgen) is then calculated as:

Operator description Encoder (Filters) Decoder (Filters)

BatchNorm

LeaI:yReLU
ConvI(FiIters)
Batc!hNorm

LeaI:yReLU
Convl(FiIters)

MaxPooling
- Decoder(1)

l

*Conv: 2D Convolutional,

kernel size=3, ®
padding=1, stride=1 2

w
LeakyReLU: Activation =
function LeakyRelLu, 4
negative slope=0.2 3
BatchNorm: 2D Batch ©
Normalization 5
*TransposeConv: 2D ‘f’
Transposed Convolution,  §
kernel size=2, stride=2 o

l

*MaxPooling: 2D Max
Pooling, kernel size=2

UNet
Input
Skip connections
Encoder(16)
Encoder(32)
Encoder(64)

Encoder(128)

Encoder(256) -+ -»IDECodEH256)

Fig. 5. Structure of the UNet used as generator of the CycleGAN.

Lgen = Lgen + j'cycLz:yc + AigLia

During training, Acyc is set to 10 and Ayq is set to 5.

The discriminator loss uses the mean squared error as the loss
function. The discriminator losses for Dy and Dg, denoted as Lp, and Lp,
respectively, are calculated as:

Lp, = %VZZO <|DA(AI‘) -1+ |DA(GBA(Bi))‘2)

1 N

bow = oN2 im0

(IDs (B) — 1/° + [Da (Gas (&) )

The training process utilizes the Adam optimizer with a learning rate
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of 0.002. After 200 epochs, the learning rate is linearly decreased until it
reaches 0 at epoch 300. To balance training efficiency and hardware
requirements, a batch size of 8 is chosen, and the training is performed
on randomly selected 256 x 256 image patches. Data augmentation is
applied by randomly flipping the patches horizontally and vertically.
The training of the CycleGAN model takes approximately 6 h. After
training, the generator is used to transform data from one CT scan of a
damage state into a synthetic version of a high or low-damage state
(Fig. 6). Instead of patches, a full-sized image is processed. Due to the
flexibility of PyTorch, no adaption of the network architecture or
patching is necessary.

By training CycleGAN with different data sets, a transformation of a
high damage state data set into different synthetic data sets with lower
damage states is achieved. Due to the differences in the damage mech-
anisms, the texture of the fiber and matrix gets removed and the damage
present gets highlighted for better evaluation. The detection of the
image is carried out by subtracting the high damage state input data and
the transformed output of generator Gag, the difference between both
characteristics is calculated. To highlight new accumulated damage
between two damage states, a dataset of a high damage state is trans-
formed into different lower synthetic damage states. The training of the
CycleGAN is carried out with the introduced training scheme with the
different damage state datasets, generated for the initial undamaged
specimen state (0 %) and after cycling until 0.3 %, 20 %, and 80 % of
their fatigue live. The different generators are used to transform a high
damage state image to a lower damage state image. The difference be-
tween the input image and the transformed image of each generator
represents the introduced damage between these two damage states.
The pixel-by-pixel subtraction of CT scans of a higher damage state from
the synthetically generated lower damage state leads to the detection of
the introduced damage between the two states (Fig. 7). For damage
visualization, the difference is multiplied by 1.5 and assigned color
channels (red, green, blue). To avoid mixing different colors, only the
largest difference in a pixel value is considered. It is emphasized that the
labels on pixel levels did not have to be experts to create the training
data. The model, therefore, generated this expert knowledge from the
training data itself.

3. Results
3.1. Artifacts and image quality

To demonstrate the transformation capability of the generator
models, the initial specimen condition is selected as dataset A, while the
CT scan with the highest damage state (80 % fatigue life, HCF) is
selected as dataset B. The evaluation of the transformation quality in
terms of an artifact-free and geometrically correct mapping between the

Generator

§yn?hétiq scan’

e ‘«
Original scan

Fig. 6. Transformation with the generator of a slice of a CT scan into a higher
damage state.
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Fig. 7. Framework for automatic highlighting of the damage corresponding to
the damage states.

original scan and the synthetic data is performed by visual inspection in
Fig. 8. Attention is paid to the preservation of local details. The removal
of defects (transformation for high to low damage state) is separately
evaluated for introducing synthetic defects (transformation from low to
high damage state, Fig. 9).

The artifacts that occur can only be distinguished in the detailed
view. Differences like small deviations in the transformation of low-
intensity fiber content remain in the synthetic dataset. Low-intensity
fiber content is removed to a minor extent so that the matrix content
increases slightly (Fig. 8 a, b). However, small details like fiber texture
elements remain in the transformed CT slices. Matrix cracks, resulting
mostly from adjacent interfiber failure, are completely removed in the
matrix-rich region, leading to an artifact-free transformation of this
damage mechanism (Fig. 8 a, b). Datasets of removed defects can be
detected due to the lack of texture generation in defects such as
delamination (Fig. 8 c) and oversharpening on some fiber of the scan
(Fig. 8 d). However, the artifacts are barely visible, even in the detailed
view.

When damage is introduced synthetically (Fig. 9), only barely
perceptible artifacts such as slightly blurred edges of some fiber-matrix
interface (Fig. 9 a, b) and large-area defects such as delaminations (Fig. 9
c) are generated. A similar effect occurs for some interfiber failures
(Fig. 9 d).

The results from the user observations can confirm the overall high
precision of the transformation both in the synthetic error generation
and in the generation of the initial state in terms of authenticity and
visual quality.

3.2. Model-based synthetic damage introduction

Synthetic damage is generated using information from just a single
slice, with no exchange between slices. By comparing the synthetically
introduced defects between successive slices, it is possible to determine
how consistently damage from different damage mechanisms can be
transferred (Fig. 10). The appearance of matrix cracks in the matrix-rich
areas differs between adjacent slices leading to the development of
distinct phenological characteristics (Fig. 10 a). On the other hand, other
damage mechanisms, such as interfiber failure, tend to show stability
across different slices (Fig. 10, b). Delamination also predominantly
appears in adjacent slices at the same location, demonstrating a plau-
sible evolution of damage (Fig. 10, c). However, the spacing between
matrix cracks remains consistent across different data planes. In
particular, delamination tends to occur at comparable locations in suc-
cessive slices.
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Fig. 8. Comparison of CT slices of high damage state with synthetic damage-free initial damage state (removal of defects).

Fig. 9. Comparison of CT slices from initial damage state with synthetic introduced high damage state (damage introduction).

Slice 50

Slice 51

Fig. 10. Synthetically generated damage between adjacent slices.

3.3. Separation of damage based on the damage stage

Training the described CyclicGAN with different data sets enables
the transformation of a damage state data set into different synthetic
data sets with lower damage states. The detection of the image is carried
out by subtracting the high damage state input data from the trans-
formed low damage state output of generator Gag. Due to the difference

in the damage state, the texture of the fiber and matrix gets removed and
the damage gets highlighted.

For the HCF regime (Fig. 11), the damage evolution based on the
CycleGAN is introduced with transversal cracks between the initial state
and 0.3 % of the expected fatigue life (Fig. 11). The fatigue damage
mainly occurs in the form of interfiber failure, which further expand into
matrix cracks. Especially the edge effect of the laminate can be noticed.
While matrix cracks start predominantly on the edge, interfiber failures
often start in the middle of the laminate a grow to the laminate edges.
The adhering contrast agent on the surface of the specimen gets clearly
and correctly recognized, which is due to the avoided usage of contrast
agents for the initial damage stage. New cracks in the matrix and fibers
show, that the crack density increased with cyclic loading. Interfiber
failures in a 45-degree direction are predominately introduced between
0.3 % and 20 % of the fatigue life. Delamination is only introduced in the
late stage of fatigue, between 20 % and 80 %.

In the VHCF regime, almost no damage is introduced up to 0.3 % of
the expected fatigue life (Fig. 12). Only a small amount of transversal
matrix cracks is detected by the algorithm. Worth noting is the addi-
tional transversal matrix cracks, which get introduced between 20 %
and 80 % of the fatigue life. Also, small cracks between fiber bundles and
the matrix material are highlighted. Due to insufficient transformation,
artifacts like blue areas occur in the analyzed VHCF data. In some
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Fig. 12. Synthetically generated differences between damage states of very high cyclic fatigue.

regions, a green scattering in regions of fibers also shows the algorithm’s
difficulties in precisely matching the gray scaling.

Due to the constant acquisition parameters between the CT scans, it
is expected that deviations between the data will be reflected in a change
of the damage state and not in artifacts in the CT acquisition or the
reconstruction.

The occurring artifacts of the defect detection can be traced back to
cumulative errors of the different transformations. A pronounced over-
sharpening effect can be found in the images by comparing the input
data and the three-times transformed image. In addition, not all dam-
ages in the image are removed completely. Some artifact defects are still
in the image. Especially, delamination failed to be removed completely,
introducing insufficient damage detection. However, in general, multi-
ple transformations of a dataset into different virtual damage stages are
possible with this framework.

4. Discussion

The transformation between damage states offers the possibility to
differentiate between different damage mechanisms, including differ-
entiation according to the time of occurrence in the fatigue life. How-
ever, the training of these models is relatively expensive. The use of
different sub-networks requires an increased training effort, which is
higher compared to supervised segmentation. Nevertheless, these self-
supervised approaches offer the advantage of reduced human work-
load since the process is largely automated. However, the focus here is
primarily on optical plausibility. The resulting physical effects are only
probabilistically represented by the CycleGAN. This is especially true for
defect generation, which produces different damage in adjacent sec-
tions. Nevertheless, certain defect phenomena also occur in adjacent
slices during defect generation. This could indicate the recognition of
characteristic regularities present in the datasets, resulting in high sta-
bility of the synthetic damage generation. However, a generator of a
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CycleGAN can encode output information in the form of high-frequency
signals. The detection or recreation of local, random patterns by
CycleGAN cannot be ruled out at this time [44]. The multiple trans-
formations lead to an increased number of artifacts and prevent the
complete removal of the defects. Particular training with datasets with
small differences seems less successful and more subjected to less ac-
curate transformation and artifacts. However, within the experiments
the search for the optimal hyperparameters and model parameters was
not in focus, so that the possible improvement potential is not fully
exploited. The transformation between damage states offers the possi-
bility to differentiate between different damage mechanisms, including
differentiation according to the time of occurrence in the fatigue life.

5. Conclusions and outlook

In conclusion, this paper presents a novel, self-supervised approach
for detecting defects in e.g., CT images, specifically focusing on fiber-
reinforced polymers. The developed method involves the synthetic
generation and removal of defects, resulting in high-quality model
outputs that in general cannot be distinguished from real data by ex-
perts. Despite independently generating defects in adjacent layers, some
local damage remains semantically connected between the layers, while
others do not exhibit a coherent pattern. This observation could suggest
either a chaotic development of damage or mechanisms that are not
evident in the visible boundary conditions captured by CT scans.
Furthermore, the detection of defects through the transformation from a
highly damaged state to a less damaged state allows for the detection of
introduced damage solely based on experimental boundary conditions,
utilizing self-supervision. The absence of pixel-level labels eliminates
the need for labor-intensive training data creation. Moreover, applying
multiple transformations to represent different damage states makes it
possible to detect and visualize fatigue life-related damage mechanisms.
The proposed approach enables the preparation of data for an intuitively
understandable representation of the evolution and interaction of
damage within the material. Overall, this research contributes valuable
insights into defect detection, synthetic generation, and the analysis of
damage mechanisms in fiber-reinforced polymers using deep learning
methods. The developed methodology offers promising opportunities
for further advancements in the field and opens up possibilities for
improved understanding and characterization of material damage.
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