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Abstract

Reliable failure predictions of fiber-reinforced composites (FRCs) are crucial for ensuring the
safety of products, reducing costs, and optimizing performance. Investigating the underlying
mechanism of tensile failure of individual fibers is an important research direction. In this thesis,
we aim to predict potential fiber breaks by synthesizing computed tomography (CT) images of
FRCs at higher forces based on CT scans taken under initial force. We developed and evalu-
ated 3D conditional generative adversarial networks (c-GANs) with 3D U-Nets as generators to
generate CT images of fiber structures under increased force. Our models obtained MAE and
MSE scores of 0.0369 and 0.00278, respectively, on the validation set. The visual quality of
the generated images indicates that the models excelled at predicting the movement of the fiber
structure under increasing force. However, we observed a weak correlation between the generated
and ground truth fiber breaks.

1 Introduction

In the field of structural engineering, fiber breaks within composite materials assumes critical
importance as it profoundly influences the reliability and performance of such materials [1]. Par-
ticularly under tensile loading conditions, individual fibers embedded within composite structures
are susceptible to fracturing, thereby posing substantial risks to the overall structural integrity [2].
The understanding of the mechanics governing fiber breaks is paramount for optimizing the design of
composite materials and mitigating the occurrence of catastrophic failures, especially in safety-critical
industries like aerospace [3] and automotive engineering [4]. Researchers and engineers endeavor to
develop comprehensive models and simulation techniques [5, 6, 7] to elucidate the intricate processes
associated with fiber breaks, aiming to inform the design of more resilient and durable composite
materials.

Current methods for predicting fiber breaks often rely on empirical models [8, 9] that may not
capture the complex interactions within composite materials. With the advancement of computational
techniques, generative models have demonstrated their remarkable ability to learn the underlying
distribution of data and produce highly realistic instances [10, 11, 12]. This research is motivated
by the need for a more comprehensive understanding of fiber break mechanisms. Our objective is to
use generative models to learn and predict the structural characteristics of fiber material, including
potential fiber breaks. A proficient generative model capable of accomplishing these tasks should
possess a thorough understanding of both fiber structure and fiber break mechanisms. Through this
approach, we seek to enhance our understanding of how the microstructures of fiber material influence
the occurrence of fiber breaks.

Since most of fiber breaks in fiber-reinforced composites (FRCs) occur under high tension [13], our
study utilize generative models to predict the fiber breaks of FRCs under increased tensile loading.
By employing CT scans of FRCs under initial tension, we aim to generate CT images that represent



the composite structure under higher tension. We developed an end-to-end framework using 3D
conditional generative adversarial networks (c-GANs) with 3D U-Nets as generators. We trained our
models on two datasets of varying difficulty and qualitatively and quantitatively analyzed the quality
of the generated images. Additionally, separate 3D U-Net models were trained without the generative
model architecture to explore the impact of c-GAN’s adversarial training on generation performance.

The contributions of this thesis can be summarized as follows:

1. We develope and evaluate an end-to-end framework based on c-GAN to predict FRC CT images
under increased tension from corresponding images under initial force. The visual quality of
the generated images demonstrates that the framework can accurately predict the movement of
the fiber structure as tensile loading increases.

2. We customize a 3D U-Net as the generator for the ¢-GAN, leveraging its skip connections
to integrate the same underlying features between FRC images under high and low forces.
Additionally, this 3D U-Net model can be independently used for FRC CT image synthesis.

3. We utilize MAE and MSE as similarity loss for training the generator, which considers the
differences between the generated images and real FRC CT images under high tension (ground
truth), thereby enhancing the similarity of the generated FRC CT images to the ground truth.

4. Our experiments show that the incorporation of the c-GAN architecture can improve both the
qualitative and quantitative performance of standalone 3D U-Nets, and it can also enhance the
stability of the training process.

2 Background

2.1 Convolutional neural networks: U-Net

Convolutional Neural Networks (CNNs) are a class of deep learning models specifically designed for
processing structured grid data, such as images. CNNs use a variation of multilayer perceptrons and
are particularly effective in tasks involving image and video recognition, classification, segmentation,
and other areas where spatial hierarchies of features need to be learned [14, 15].

Among the various CNN architectures, U-Net [1(] stands out as a specialized model designed
for biomedical image segmentation. The U-Net owes its name to its U-shaped structure, which
consists of a contracting path to capture context and a symmetric expanding path to enable precise
localization. Importantly, U-Net’s skip connections bridge the encoder and decoder layers, combining
coarse and fine features to enhance the segmentation accuracy. This helps in retaining the localization
information that might otherwise be lost in the down-sampling process [17]. The symmetric nature
of U-Net allows for effective information flow from the high-resolution feature maps of the encoder to
the decoder, ensuring detailed reconstruction of the output [18].

Building on the success of the 2D U-Net, the 3D U-Net [19] modifies the original architecture
to process 3D volumes, thereby providing a solution for segmenting 3D biomedical images such as
MRI [20] and CT scans [21]. Due to the three-dimensional nature of 3D data, such adaptation is
necessary, where feature information can be distributed across multiple consecutive slices and requires
an understanding of context along all three axes [22].

Although initially designed for biomedical image segmentation, U-Net and its variants have demon-
strated their effectiveness in material science as well. For example, in metallography, U-Net has been
used to identify grain boundaries and phases in microstructure images [23], aiding in the characteri-
zation of materials’ mechanical properties and performance. Additionally, in semiconductor manufac-
turing, U-Net variants have been applied to detect defects and anomalies in integrated circuit images
[24], ensuring the quality and reliability of electronic devices.

In this thesis, we select 3D U-Net for synthesizing fiber structure images under increased force
due to several reasons. Firstly, the U-Net’s contracting path and expanding path may facilitate the
model’s step-by-step understanding of fiber structure features and their synthesis into corresponding
images. Secondly, CT images of fiber-reinforced composites under different forces belong to the same
modality, sharing a substantial amount of underlying structural information. This makes the U-Net



architecture, with its skip connections, particularly suitable for our generation task. Lastly, since our
datasets consist of 3D images, the 3D version of U-Net can better capture the contextual information
across multiple consecutive slices, leading to more accurate image synthesis.

2.2 Generative models: GAN

Generative models encompass a variety of models commonly used in machine learning. The
purpose of generative models is to learn the generation of data given some training data [25]. A good
generative model should be able to produce diverse outputs resembling the training data, rather than
exact replicas of the training data.

Generative Adversarial Network (GAN) [26] is one of the most widely used generative models,
renowned for its exceptional ability to create highly realistic synthetic data. GANSs consist of two
neural networks, the generator (G) and the discriminator (D), which are trained simultaneously
through adversarial processes. The generator’s role is to create data that is indistinguishable from
real data using random noise, while the discriminator aims to differentiate between real and generated
data. Through this adversarial training process, both networks continuously improve, each striving
to outwit the other. This competitive learning dynamic drives the generator to create increasingly
realistic outputs, while the discriminator becomes adept at distinguishing real from fake data.

As the training progresses, the generator learns to capture the underlying data distribution [27],
enabling it to generate novel, high-quality samples that exhibit the characteristics of the training data.
In recent studies, GANs have demonstrated remarkable capabilities in various domains, including
image generation [10, 11], style transfer [28], image-to-image translation [29], and even text and
music generation [30, 31].

This broad range of applications is attributed not only to GANSs’ exceptional ability to generate
diverse and realistic outputs through adversarial training but also to their remarkable architectural
flexibility. In GANSs, the specific architectures of the generator and discriminator can be customized
to address different tasks [32, 33, 34]. Additionally, the number of generators and discriminators can
be adjusted to conduct more complex adversarial training [35, 36]. This flexibility enables GANs to
integrate seamlessly with various cutting-edge models, giving them robust adaptability.

Moreover, GANs have inspired numerous advancements and extensions, such as conditional GANs
(c-GAN) [37], where both the generator and discriminator are conditioned on additional information,
enabling controlled generation based on specific attributes or classes. Other variants include Wasser-
stein GANSs [38], which leverage Wasserstein distance to improve training stability and sample quality,
and progressive growing GANs, which gradually increase the resolution of generated images during
training, yielding high-fidelity outputs.

In this thesis, we choose the c-GAN architecture for our generative model for several reasons.
Firstly, the adversarial training process between the generator and discriminator in a GAN structure
may help produce high-quality images. Secondly, because we aim to generate corresponding images
under increased force from CT images of fiber-reinforced composites obtained under initial force, the
conditional mechanism of ¢c-GANs makes them highly suitable for our task. Lastly, the excellent
flexibility of the GAN architecture allows it to integrate well with the 3D U-Net.

2.3 Fiber-reinforced composites and fiber breaks

Fiber-reinforced composites (FRCs) are a class of composite materials formed by embedding fiber
materials (such as glass fiber, carbon fiber, aramid fiber, etc.) into a matrix material (typically a
polymer, metal, or ceramic matrix) [39]. FRCs have emerged as indispensable materials, especially
in industries prioritizing weight reduction. Renowned for their exceptional strength-to-weight ra-
tios, fiber-reinforced composites have reshaped design possibilities and operational efficiency across
many industries [40]. In the aerospace industry, for instance, fiber-reinforced composites have be-
come integral to the construction of aircraft components, such as wings, fuselages, and tail sections.
Their lightweight nature not only contributes to fuel efficiency but also enhances overall aircraft per-
formance, enabling greater payloads and extended flight ranges [41]. Similarly, in the automotive
sector, electric cars increasingly rely on fiber-reinforced composites for structural components like
chassis, body panels, and battery enclosures. By integrating these advanced materials, automakers



can achieve significant reductions in vehicle weight, thereby extending driving range and enhancing
energy efficiency [42].

However, the reliability and performance of FRCs depend on a thorough understanding of the
intricate mechanics governing fiber breaks under tensile loading. This aspect holds paramount im-
portance in ensuring the structural integrity and durability of composite materials, as the failure of
individual fibers can have profound implications for the overall performance of the composite structure
[2].

Tensile loading, or tension, is a common mechanical loading condition experienced by fiber-
reinforced composites in various applications. Under tension, the fibers within the composite are
subjected to forces that attempt to pull them apart along their length. The behavior of these fibers
under such loading conditions is influenced by factors such as fiber orientation [43], material properties
[44], and the presence of defects or imperfections [41]. Under the strain of such force, individual fibers
within the composite gradually succumb to breaks, posing a significant risk to the structural integrity
of the material. This process of fiber failure can propagate rapidly, particularly under high tensile
loads [45], leading to the development of cracks and eventual catastrophic failure of the composite
structure.

Generally speaking, the load at which each fiber breaks is contingent upon its inherent strength
and the surrounding microstructure, which includes factors such as fiber alignment and proximity
to neighboring fibers [46]. Despite advancements in characterization techniques such as microscopy,
computed tomography, and computational modeling, our ability to accurately quantify and predict
the impact of microstructural changes on fiber failure remains limited [47]. The complex interactions
between microstructural features and fiber failure mechanisms continue to be a subject of ongoing
research and investigation.

2.4 Related works on FCR microstructure analysis

There have been numerous studies investigating the inherent strength of fiber-reinforced composite
materials and the impact of their microstructure on failure under loading. In general, the fibers
within a bundles follow a Weibull distribution instead of possessing uniform strength [48]. Breite
et al. [46] conducted detailed experimental validation of potential mechanisms for the tensile failure
of single fibers in two types of carbon fiber/epoxy composites using six state-of-the-art models. All
models overestimated the observed fiber break density in the experiments and failed to accurately
predict the development of fiber break (and cluster). This indicates the importance of improving
experimental methods to accurately characterize the in-situ strength distribution of fibers within
composite materials.

Bhaduri et al.[19] employed a U-Net architecture to predict the von Mises stress field under uniaxial
tension and fine-tuned it on data from relatively cheaper systems with smaller fiber numbers. The
limitation is that the systems with a large number of fibers typically require finer finite element mesh
discretization, leading to increased computational costs. Gupta et al.[50] also employed a U-Net deep
convolutional neural network to explore how the microstructural heterogeneity in fiber-reinforced
composites influences the material’s macroscopic behavior. The models were trained separately to
simulate the mapping between the spatial arrangement of fibers and the stress tensor field. However,
this mapping is limited to 2D fields, and further research is needed to investigate its applicability to
3D scenarios.

Zhou et al.[51] developed a customized convolutional neural network (CNN) and a VGG16 transfer
learning neural network to explore microstructure uncertainties. This framework is generalizable and
exhibits excellent scalability. However, its drawback lies in the potential for overfitting when training
data volumes are small, which may render the CNN unreliable. Yang et al.[52] proposed an end-
to-end deep learning method to predict complete strain and stress tensors for complex composite
microstructures. In this method, a conditional generative adversarial network is utilized to predict
physical fields from geometry, achieving high accuracy. However, the authors also noted that the
model still needs to learn from more general probability distributions to better fit real scenarios.



2.5 Aim of the study

In this study, our objective is to leverage the generative models’ capability of learning the under-
lying distribution of data, enhancing our understanding of how the microstructure of fiber material
influences the occurrence of fiber breaks. Therefore, we aim to implement a generative model capable
of synthesizing realistic FRC CT images under increased tension from the corresponding images under
initial tension. By training the model to learn how increasing tensile loading affects fiber structure
and fiber breaks, we hope to observe potential fiber structure movements and fiber breaks in the
generated images, even if they have not yet appeared in the input images.

Furthermore, to the best of our knowledge, there is no existing model capable of predicting
potential fiber structure movements and fiber breaks by generating FRC CT images. We aim for our
models to fill this gap.

3 Dataset

The dataset used in this paper is sourced from [53]. It comprises 17 8-bit RAW files, which
represent continuous synchrotron X-ray computed tomography (CT) scans of the same carbon fiber-
reinforced composites under varying forces. The forces range from 148 MPa to the point of fiber
failure. Each file can be read as a 3D image of varying sizes (see in Table 1), with voxels fine enough
to identify individual fibers and any potential fiber breaks therein (see in Figure 1).

Image Number Length Width Height Stress (in MPa) No. fiber breaks

00 1737 513 1716 148 0

01 1766 487 1716 530 0

02 1771 487 1716 819 4

03 1771 490 1716 1112 5

04 1813 488 1716 1386 30
05 1789 483 1716 1623 65
06 1819 483 1716 1813 118
07 1838 482 1716 1919 153
08 1792 498 1716 2002 193
09 1775 487 1716 2055 221
10 1775 494 1716 2062 226
11 1785 481 1716 2015 229
12 1775 492 1716 2044 235
13 1781 471 1716 2091 263
14 1777 487 1716 2112 275
15 1775 483 1716 2130 286
16 1766 478 1716 2166 -

Table 1. The size of each image in the original dataset, the number of fiber breaks contained within
them, and the corresponding stress levels (in MPa) at the time of their capture. The absence of fiber
break quantity for the last image is due to the occurrence of fiber failure.

In these 3D images, the orientation of fibers generally parallels the z-axis, albeit with potential
deviations. Through manual observation, the coordinates of fiber voxels across the 17 3D images
are inconsistent, exhibiting varying degrees of displacement. Moreover, as the force increases, these
displacements tend to become more pronounced (see in Figure 2).

As the force increases, fiber breaks gradually become observable in these 3D images. These breaks
typically manifest as small black spots appearing on individual fibers, indicating a break at that point.
Fiber breaks are irreversible, and their quantity accumulates continuously as the material is loaded in
tension (refer to the "No. fiber breaks" column in Table 1). When the accumulation of fiber breaks
reaches a certain threshold, the composites will experience failure [54] (as indicated in the final row
of Table 1).



Figure 1. A vertical slice (a) and a horizontal slice (b) from image 14, where several fiber breaks can
be observed. In the vertical slice (a), fiber breaks typically appear as small black lines perpendicular
to the fiber direction, indicating that the fibers or fiber cluster have broken at these points. In the
horizontal slice (b), fiber breaks appear as black dots, resulting from the absence of fiber material
cross-sections (depicted as small white dots in the image) due to the breaks.

Figure 2. The images above, from left to right, depict the central Z-axis cross-sections of image
00, 02, 05, and 16. As the force increases, the relative positions of fibers within the images undergo
displacement, with this displacement becoming more pronounced as the force increases. Meanwhile,
ply splits have emerged at the edges of the fiber-reinforced composites, resulting in cracks between
the materials.



Figure 3. The central cross-sections of image 07 along each axis: the X-axis cross-section (b), the
Y-axis cross-section (c), and the Z-axis cross-section (a). In the Y-axis cross-section, partial fiber
breaks can be observed (d), manifesting as small black spots appearing on individual fibers.

4 Methods

In this thesis, we develop an end-to-end framework based on 3D conditional generative adversarial
networks (c-GANs) to generate CT images of fiber-reinforced composites (FRCs) under high tensile
loading from corresponding CT images under initial tension. Specifically, we condition the GAN
with FRC CT images under initial force, incorporating these conditions into both the generator and
discriminator during training to enhance the similarity of the generated images to the ground truth.
To improve the model’s understanding of fiber structure, we develop a 3D U-Net as the generator
in our ¢-GAN, utilizing its skip connections to integrate multilevel features of the FRC CT images.
This section will detail the implementation of our 3D U-Net and ¢-GAN.

4.1 3D U-Net implementation

The 3D U-Net architecture we implement is inspired by [55] and modified accordingly. Given the
complexity of FRC structures, we aim to enhance the model’s ability to extract multilevel features
by deepening the 3D U-Net. Therefore, we deepen both the downsampling and upsampling paths,
increasing from 3 to 4 basic convolutional or deconvolutional modules (see in Figure 4). Regarding
skip connections, as the network structure deepens, the number of skip connections increases from
3 to 4. Additionally, we add two convolutional blocks as the U-Net bottleneck, serving as a bridge
between the end of the encoder and the start of the decoder, where the two convolutional blocks will
not change the shape of the feature maps. Based on the research in [19], models trained with batch
normalization [56] demonstrate better training performance and stability. Therefore, we retain batch
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Figure 4. The architecture of the 3D U-Net utilized in this thesis. It takes a single-channel 64 X
64 x 64 3D image as input and outputs an image of the same shape. Each cuboid represents the
input or output of a layer or block in the model. The blue cuboids constitute the downsampling
pathway, the green cuboids form the upsampling pathway, and the red cuboids serve as bridges
(bottleneck) connecting them. For each cuboid, the number above indicates the number of channels
in the corresponding image or feature map, while the number below represents the spatial size of
the image or feature map. For instance, the centrally positioned red cuboid indicates a feature map
with 512 channels and a shape of 4x4x4. Throughout the model, there are four skip connections
(denoted by dashed arrows) linking the upsampling and downsampling pathways. The feature maps
at the ends of the skip connections are concatenated along the channel dimension and then fed into
subsequent layers.

normalization layers after each convolutional and deconvolutional layer, which will normalize each
mini-batch data, i.e., rescaling and shifting them to meet a standard distribution with a mean of 0
and variance of 1.

There are totally 12 basic convolutional blocks and 4 basic deconvolutional blocks in our 3D U-
net, with consistent parameter settings for each block. Among these, the first 6 convolutional blocks
form the encoder, progressively downsampling the input image to smaller feature maps. Unlike [19],
we preserved the bottleneck structure, consisting of the 5th and 6th convolutional blocks, to capture
contextual information from the input data and pass it to subsequent modules for upsampling. The 4
deconvolutional blocks and the last 4 convolutional blocks of the model collectively form the decoder,
integrating feature maps from both the bottleneck and the encoder to map semantic information back
to the original dimensions. Additionally, max-pooling layers with a kernel size of 2 and a stride of
2 are inserted after the first, second, fourth, and sixth convolutional blocks to decrease the spatial
resolution of the feature maps. Finally, an additional 3D convolutional layer with a kernel size of 1
and a stride of 1 is appended after the last decoder to restore the original image size.

Convolutional blocks A basic convolutional block consists of a sequence of layers: a 3D convolu-
tional layer with a kernel size of 3 and a stride of 2, followed by a 3D batch normalization layer, and
then a ReLU activation layer. The padding of the 3D convolutional layer is set to 1, ensuring that the
convolutional block does not change the input size. The output channels of the block are determined
by the 3D convolutional layer.

Deconvolutional blocks A basic deconvolutional block consists of a sequence of layers: a 3D trans-
posed convolutional layer with a kernel size of 4 and a stride of 2, followed by a 3D batch normalization
layer, and then a ReLU activation layer. The padding of the 3D transposed convolutional layer is set



to 1, thus doubling the size of the input. The output channels of the block are determined by the 3D
transposed convolutional layer.

Skip connection Four skip connections are applied between different convolutional and deconvolu-
tional blocks, designed to allow information to be directly passed between the encoder and decoder to
address the issue of gradient vanishing in deep convolutional neural networks [16]. It is worth noting
that, unlike in [19], the skip connections we constructed originate from the output of a 3D convolu-
tional layer within a convolutional block rather than the output of the entire block and terminate at
the output of a specific deconvolutional block. The starting point of the skip connection is copied
and concatenated along the channel dimension.

Block/Layer Type Input Shape Output Shape Skip Connection Pooling

Encoderl CB [1,64,64,64] [64,64,64,64] Decoder? Size halves
Encoder2 CB [64,32,32,32] [128,32,32,32] Decoderb Size halves
Encoder3 CB  [128,16,16,16]  [256,16,16,16] - -
Encoder4 CB [256,16,16,16] [256,16,16,16] Decoder3 Size halves
Encoder5 CB [256,8,8.,8] [512,8,8,8] ; -
Encoder6 CB [512,8,8,8] [512,8,8,8] Decoderl Size halves
Bottleneckl ~ CB [512,4,4,4] [512,4,4,4] - -
Bottleneck2 CB [512,4,4,4] [512,4,4,4] - -
Decoderl DB [512,4,4,4] [512,8,8,8] Encoder6 -
Decoder2 CB  [1024,8,88] [256,8,8,8] - -
Decoder3 DB [256,8,8,8] [256,16,16,16] Encoder4 -
Decoder4 CB [512,16,16,16] [128,16,16,16] - -
Decoder5 DB [128,16,16,16]  [128,32,32,32] Encoder? -
Decoder6 CB [256,32,32,32] [64,32,32,32] - -
Decoder7 DB [64,32,32,32] [64,64,64,64] Encoderl -
Decoder8 CB [128,64,64,64] [32,64,64,64] - -
Decoder9 CL  [32,64,64,64] [1,64,64,64] ; -
Table 2. Summary of 3D U-Net. In the Type column, CB represents convolutional block, DB

represents deconvolutional block, and CL represents 3D convolutional layer.

4.2 Conditional GAN implementation

The 3D U-Net architecture we implement is inspired by [57] and modified accordingly. We remove
the noise input pathway of the generator in c-GAN, retaining only the condition as the sole input.
This decision is motivated by two considerations. Firstly, we aim for the model to generate deter-
ministic synthetic images based on specific conditions (in our case, the CT images of fiber-reinforced
composites). Hence, there is no need for diverse noise inputs to diversify image generation. Secondly,
we seek the model to focus more on extracting features from the condition for image generation, since
the target image is directly evolved from the input image (condition). Retaining the traditional noise
input pathway would distract the generator by making it also encode the noise.

After removing the noise input pathway, we implement our own custom architecture for both the
discriminator and the generator to encourage the model to generate images that closely resemble the
target images (see in Figure 5).
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Figure 5. The architecture of our ¢-GAN. The generator takes an input image and produces a
generated image that closely resembles the target image. The input image, target image, and gen-
erated image form the real pair and fake pair, respectively. The discriminator receives these image
pairs as input and attempts to distinguish between real and fake pairs. Additionally, inspired by [58],
we employ the L1 or L2 norm between the input image and the target image as a similarity loss to
supervise the improvement of the generator. Introducing this additional loss function can enhance
the generator’s ability to synthesize more accurate images.

For the discriminator, our custom implementation is designed based on the following motivations:
we not only require it to distinguish whether an image belongs to a real sample or a synthesized one,
but also to determine whether an image corresponds to the image under the initial force. Therefore,
we modify the discriminator’s input from a single synthesized image or target image to an image pair.
This pair consists of either a fake pair composed of an input image and a synthesized image or a real
pair composed of an input image and a target image. The discriminator learns to distinguish between
real and fake input pairs. Regarding the structure of the discriminator, it comprises 4 convolutional
layers and a fully connected layer. [59] have indicated that using LeakyReLU [60] as the activation
function is beneficial for preserving gradients and enhancing discriminative capabilities. Therefore, we
apply LeakyReL.U as the activation function after each convolutional layer in the discriminator. The
output of the final convolutional layer is flattened, passed through a fully connected layer, and then
processed by a sigmoid function to determine the authenticity of the image pair. The discriminator
architecture of our ¢-GAN is shown in Figure 6. Thus, given an input image = sampled from the
distribution p,(z) and the corresponding target image y sampled from the distribution p,(y), the
discriminator loss of our c-GAN can be expressed as:

1

L0 = =5 Bampyorn ()., () 108(D(2,9)) +log(1 — D(G(2), )] (1)

Here, D(x,y) represents the discriminator’s estimation of the probability that real data z is real given
a real pair, G(x) is the generator’s output given input image x, and D(G(x),y) is the discriminator’s

11
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Figure 6. The discriminator architecture of our ¢c-GAN. It receives real image pairs or fake image
pairs as input, with images concatenated along the channel axis. These input pairs first pass through
4 3D convolutional layers, with leaky ReLU activation functions after each convolutional layer. The
feature map obtained from the last convolutional layer is then flattened and passed through a fully
connected layer, followed by a sigmoid function to obtain the final probability of real or fake. The
numbers above each cuboid indicate the number of channels in the corresponding image or feature
map, while the numbers below the cuboids and rectangles represent the spatial size of the image or
feature map.

estimation of the probability that a fake instance is real given a fake pair. The discriminator’s aim is
to minimize this loss, thereby improving its accuracy in distinguishing real from fake data.

For the generator, we adopted the 3D U-Net architecture introduced in Section 4.1 to enable
it to generate images. However, solely receiving adversarial loss from the discriminator may lead
to a scenario where the generator synthesizes images that conform to the structural characteristics
of fiber-reinforced composites enough to deceive the discriminator but are not similar to the target
images. This occurs because, during training, the features of the target image are not incorporated
into the training process of the generator. Consequently, the generator does not learn to produce
images that closely approximate the target. This outcome contradicts our objective: we aim for the
generator to produce images that not only exhibit the characteristics of fiber-reinforced composites
but also closely resemble the target images. To address this, additional constraints are introduced.
Inspired by [58], we incorporate a similarity loss to measure the resemblance between the synthesized
images and the target images, which is implemented using L1 or L2 norms. Given an input image
x ~ py(x) and the corresponding target image y ~ p,(y), the similarity loss of the generator G can
be expressed as:

Egsim = Ea:wpm(x),ywpy(y)Hy - G(x)Hllz (2)
Here, || - ||x denotes the L1 or L2 norm, depending on the chosen similarity metric. Meanwhile, for
the generator’s adversarial loss, we maintain consistency with traditional GAN loss in [26], which can
be expressed as:

Lg.., = _]Eacwpx(m),y~py(y)10g(D(G($)vy)) (3)
Therefore, the total loss of the generator can be expressed as:
L= LGy + A Lgm (4)

where ) is a hyperparameter used to balance the adversarial loss and the similarity loss.

Overall, the objective function V (G, D) of our ¢-GAN can be expressed as:

minmax V(G, D) = Eynpyya (@),y~py (v) [108(D (@, y)) +log(1 = D(G(2),y)) + Ally — G@)llz] ()
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5 Experiments

5.1 Data pre-processing

The size of the 3D images in the dataset is too large to be directly used for model training (Table
1). We need to split these 3D images into small patches and compose pairs to serve as inputs for
our c-GANs. However, the 3D images suffer from displacements over time due to the action of forces
(see in Figure 2), leading to a lack of spatial alignment for each voxel in the image sequence as
the tension increases. This results in obtaining misaligned image pairs when using the same slice
indices across different images. These misaligned image pairs will not only cause generative models
to predict images with incorrect positions or shapes but also make it more challenging for them to
understand the influence of fiber material microstructures on fiber breaks. Therefore, performing
some preprocessing such as cropping and registration to remove these misalignments is necessary for
our research.

5.1.1 Cropping

We first use cropping to remove non-fiber material (blank) regions from the 3D images. These
blank regions are easily distinguishable from the fiber material on the xy plane (Figure 3a, 2), allowing
us to manually crop along the x and y axes to retain the main body of the fiber material. However,
manually cropping to directly obtain corresponding regions along the z-axis is challenging because
of the high information density in that direction, making it difficult to discern the same features
visually. Therefore, image cropping is performed only in the x and y directions, and the alignment
of the cropped images is achieved through subsequent registration processes.

Another challenging aspect of cropping is the occurrence of ply splits in fibers under force (Fig-
ure 2). These cracks become increasingly obvious with increasing force and significantly disrupt the
coherence between adjacent fibers at the edges. This makes registration in the surrounding regions of
ply splits very difficult. Moreover, attempting to include these cracks in the registration process may
adversely affect the ease of registration for the central regions. Given that these ply splits are not the
focus of interest in this paper, we decided to remove them during cropping. However, these cracks
only appear under high force, meaning that manual cropping based on the physical characteristics of
cracks is not feasible in the initial images. To address this issue, a two-step cropping approach was
employed (See in Figure 7). Specifically, all images underwent a first round of cropping to remove
only empty regions while preserving all cracks (if any). Subsequently, the cropped image from the
last image in the sequence underwent a second round of cropping to eliminate cracks, and the ratio
of index changes between the two cropping steps was recorded. Finally, this ratio was applied to all
images from the first cropping step to obtain images from the second cropping step, where all existing
cracks and potential cracks were removed.

5.1.2 Registration

We use image registration to further align the results of cropping. Since we use patches from
the first image as input images in the image pairs, it is reasonable to register all images to the first
image. Our two-step cropping reduces misalignment along the x and y axes, but misalignment along
the z-axis still exists. Specifically, although the size along the z-axis is uniform (1716 pixels, Table
1), significant movement still occurs along this axis due to the applied force, resulting in the actual
aligned region height across the temporal sequence of images being less than 1716 pixels (illustrated
in Figure 8).

To address this issue, we extracted the central half region along the z-axis from the first image and
further divided it into two equally sized sub-cuboids. Subsequently, we manually selected regions from
subsequent images that might match this region and performed registration. Due to the diverse ways
in which fibers can move, we utilized three transformations as algorithms for registration, namely
rigid, affine, and deformable transformations. All registrations were performed using the Python
library of Advanced Normalization Tools (ANTs) [61]. In each case, the transformation type was set
to symmetric normalization, with mutual information utilized as the optimization metric.
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Figure 7. The process of two-step cropping. Firstly, all 3D images undergo a first cropping of their
length and width, which retains the majority of fibers and cracks (if any), removes blank portions,
and surrounding constrained materials (the red squares). Subsequently, the second cropping aims
to eliminate areas of fibers in all images where cracks have already appeared or are likely to occur.
Specifically, the last image undergoes cropping to completely remove ply splits (the orange square).
Then, the cropping ratio is recorded and applied to all images from the first cropping step to obtain
the final cropped images (the blue square).
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_______ e
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Figure 8. The illustration of the movement of fiber material along the z-axis as tension increases.
The three cuboids represent the relative positions of the fiber material under different forces along
the z-axis. The light blue area represents the region captured by the camera under tension 1. As
the applied force increases from left to right, the fiber material as a whole moves downward, while
the camera’s position remains fixed. Consequently, the region captured by the camera shifts upward
relative to the fiber material. Although the height of the captured region remains constant (1716
pixels), the actual common region (depicted in dark blue) in the captured images under different
tensions is less than 1716 pixels in height.
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5.1.3 Dataset Split

We selected a subset of the data for the following experiments and paired the selected images for
training and validation. We selected two pairs of images for the experiments: the Oth image with the
4th image, and the Oth image with the 12th image. After cropping and registeration, the dimensions
of the images are all 429 x 689 x 410, which is consistent with the fixed image, i.e., the Oth image.

To further explain how we split the data, we use the image pair of the Oth and 4th images as an
example. We divided both the Oth and 4th images into 720 non-overlapping cubes of size 64 x 64
X 64 for ease of model training. Due to the images’ dimensions not being divisible by 64, any parts
exceeding multiples of 64 voxels but falling short of 64 voxels will be discarded. Consequently, we
obtained 720 patches, each containing an input cube from the Oth image and a corresponding target
cube from the 4th image. These 720 patches were divided into training, validation, and test sets in
a ratio of 80:15:5. The same process was repeated for the image pair of the Oth and 12th images.

After splitting the data, each image pair in dataset 00-to-04 and dataset 00-to-12 consists of two
parts: an input image from the Oth image and a target image from either the 4th image or the 12th
image. The input images in both datasets are identical, as they are derived from the Oth image in
the same way; the difference between the datasets lies solely in the target images. According to the
original dataset (Table 1), the 12th image, compared to the 4th image, was obtained under higher
tension in fiber-reinforced composites, implying greater deformation and more fiber breaks. This also
indicates that for the model, learning the underlying distribution from Image pair 00-to-12 is more
challenging due to the larger discrepancy between the input image and the target image.

It’s worth noting that patches from different image pairs will not be used in the same model. In
other words, a model will only be trained using patches from either the image pair of the Oth and 4th
images or the image pair of the Oth and 12th images. The purpose of this approach is to investigate
the performance of our models on the simpler dataset (Image pair 00-to-04) and the more challenging
dataset (Image pair 00-to-12) to explore the robustness of the models.

5.2 Training settings

Our models’ training and evaluation were entirely implemented using PyTorch and utilized an
RTX 4090 with 24 GB of vRAM as the accelerator. For all models, we use the Adam [62] optimizer
with momentums set to betal = 0.5 and beta2 = 0.999. The complete code can be found here!.

To investigate the impact of different settings on model performance, we trained a series of models.
All models adhered to the specific details outlined in the Section 4 and were trained independently
of each other. Table 3 summarizes all the models we implemented and trained.

5.2.1 Loss function

We employed different loss functions to train the 3D U-Net and ¢-GAN to explore how different
loss functions would affect the training process and influence the model’s performance.

For the 3D U-Net, we employed both MAE and MSE loss functions separately. In each training
step, the 3D U-Net model U receives an input image x and its corresponding target image y, and
generates an image U(x). The loss function L can be expressed as:

Efly - U()[i] for MAE
Lu = > (6)
Elly - U(z)[)3] for MSE

For the ¢-GAN, we employed Binary Cross-Entropy (BCE) loss to implement the adversarial loss
for both the generator (3) and the discriminator (1). Additionally, similar to the training of the 3D
U-Net, we utilized MAE and MSE as the similarity loss (2) for the generator separately. In particular,
we chose A = 100 as the weight for the similarity loss in (4).

Ihttps://github.com/X1angyuLu/Fiber-Break-Prediction
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Model Name Type Training Set Criterion Learning Rate

UNet-04-A 3D U-Net Image pair 00-to-04 MAE le-4
UNet-04-S 3D U-Net Image pair 00-to-04 MSE le-4
UNet-12-A 3D U-Net Image pair 00-to-12 MAE le-4
UNet-12-S 3D U-Net Image pair 00-to-12 MSE le-4
cGAN-04-A c-GAN Image pair 00-to-04 MAE le-6
cGAN-04-S c-GAN Image pair 00-to-04 MSE le-6
cGAN-12-A c-GAN Image pair 00-to-12 MAE le-6
cGAN-12-S c-GAN Image pair 00-to-12 MSE le-6

Table 3. Summary of Trained Models. Each model name is composed of three parts, connected by
"_". The first part indicates the architecture used, corresponding to the "Type" column. The second
part indicates the training set used for the model, where, for example, "04" represents training on the
Image pair 00-to-04. The third part indicates the metric used during training and validation, where
"A" stands for MAE and "S" stands for MSE.

5.2.2 Early stopping

Early stopping is a form of regularization used to prevent overfitting in training machine learning
models [63]. In our experiments, we adopted different early stopping strategies for 3D U-Nets and
¢-GANSs.

During the training of the 3D U-Net, a uniform loss function (either MAE or MSE) was applied
throughout both the training and validation processes. Hence, the magnitude of the validation loss
can fairly represent the model’s performance. For all 3D U-Net models, a fixed number of 400 epochs
was allocated for training, and the validation loss was recorded at the end of each epoch. The model
corresponding to the epoch with the minimum validation loss was selected as the final model.

However, the same strategy is not suitable for c-GANs. Firstly, c-GANs comprise two networks
with different objectives, making it challenging to define a clear stopping point based on objective
function (5), as improvements in one network may lead to degradation in the other. What’s more,
unlike the traditional cGAN’s generator loss, which only consists of BCE loss, our c-GAN’s generator
loss also incorporates the similarity loss between generated and target images, achieved through MAE
or MSE loss. Using this fusion loss to evaluate validation performance does not ensure consistency
in measurement standards, making validation loss from different periods incomparable.

To address this issue, at the end of each epoch of training, we evaluated the performance of the
generator on the validation set, considering only the similarity loss at this stage, while the traditional
generator loss and discriminator loss were ignored. After a specified number of epochs, the model
corresponding to the epoch with the minimum validation loss was selected as the final model.

6 Results

Table 4 presents the evaluation results of the trained models on their respective validation sets.
Each model’s evaluation metric aligns with the criterion used during training. The models were
selected using the early stopping strategy outlined in Section 5.2.2. To mitigate the impact of un-
certainties due to random initialization of model weights, each model was independently trained five
times. The model with the smallest validation loss at the point of early stopping from these five
trials was selected as the final result. Additionally, we further trained the U-Net models from [19] on
the Image pair 00-to-04 and Image pair 00-to-12 datasets using MSE as the criterion, serving as the
baselines for comparison. It is important to note that we did not implement the baseline architecture
ourselves but rather utilized the open-source code provided in [64].
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Target UNet-04-A UNet-04-5 CGAN-04-A CGAN-04-S

Input

Figure 9. A generation example of models trained on 00-to-04 dataset

CGAN-12-A CGAN-12-S

Figure 10. A generation example of models trained on 00-to-12 dataset

Model Name Validation Set Evaluation Matric Validation Loss
UNet-04-A Image pair 00-to-04 MAE 0.0265
cGAN-04-A Image pair 00-to-04 MAE 0.0263

UNet from [19] Image pair 00-to-04 MSE 0.0205
UNet-04-S Image pair 00-to-04 MSE 0.00114
cGAN-04-S Image pair 00-to-04 MSE 0.00107
UNet-12-A Image pair 00-to-12 MAE 0.0373
cGAN-12-A Image pair 00-to-12 MAE 0.0369

UNet from [19] Image pair 00-to-12 MSE 0.0222
UNet-12-S Image pair 00-to-12 MSE 0.00286
cGAN-12-S Image pair 00-to-12 MSE 0.00278

Table 4. The evaluation results of the trained models on their respective validation sets. Each model
name corresponds to those listed in Table 3. Additionally, we further trained the UNet models from
[19] as the baselines. Bold text indicates models with lower validation loss under the same training
settings (training set and criterion), signifying that the model with this architecture performs better
for the given conditions.

To more intuitively assess the visual quality of the generated images, we randomly selected a series
of generation examples in validation set for analysis. It should be noted that, for the sake of presenting
the synthesized 3D images, all generation examples in this section are the central cross-sections along
the y-axis.

First, we give overall examples of generated images from each model on their corresponding
validation sets in Figures 9 and 10. For ease of comparison, examples of generated images from
models trained on the same dataset are grouped together in a single figure.

To provide a more specific demonstration of the performance of different models on various
datasets, we present Figure 11 and Figure 12. Figure 11 shows a generation example of UNet-
04-A and UNet-04-S on the 00-to-04 validation set, while Figure 12 illustrates a generation example
of cGAN-12-A and cGAN-12-S on the 00-to-12 validation set. Notably, no fiber breaks were observed
in these two figures. Additionally, two generation examples of cGAN-12-A and ¢cGAN-12-S on the
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Figure 11. A generation example of UNet-04-A and UNet-04-S on 00-to-04 validation set. The
models demonstrate the ability to synthesize images similar to the target images based on the input
images.
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Figure 12. A generation example of cGAN-12-A and cGAN-12-S on 00-to-12 validation set. The
models can still generate images that are similar to the target when the input image and target image
exhibit greater differences.

00-to-12 validation set, where fiber breaks appear in the target image, are presented in Figure 13.
Our models fail to predict the location or shape of the fiber breaks in these examples.

Our experimental setup allows us to explore how MAE and MSE impact the performance of
models. We compared models trained on the same dataset but using different criteria. Specifically,
Figure 14 shows a generation example from the validation set using the 3D U-Net models trained
with MAE and MSE, respectively. Figure 15 shows a generation example from the validation set for
¢GAN models trained with MAE and MSE, respectively.

We are curious whether the introduction of the c-GAN architecture can help the model obtain
better performance. Therefore, we compared the quality of generated images between c-GANs and
standalone 3D U-Net. Figure 16 shows a generated example from the 00-to-04 validation set by
UNet-04-S and ¢cGAN-04-S. It can be observed that in the generated image by UNet-04-S, some
fibers are incorrectly enlarged (as indicated by the green circle). In contrast, the image generated
by ¢GAN-04-S more closely resembles the target image. Figure 17 shows a generated example from
the 00-to-12 validation set by UNet-12-A and ¢cGAN-12-A. In the images generated by UNet-12-A,
some fiber edges blend into the background (highlighted by the red circles), making the boundaries
between fibers indistinct. In contrast, the images generated by ¢cGAN-12-A exhibit sharper edges,
making the fiber boundaries clear and easy to distinguish. Moreover, The results from UNet-12-A
sometimes fail to capture relative positions of the fibers (highlighted by the blue circles), making
certain fibers appear to lie on the same plane.

In addition to evaluation metrics and generated image examples, we also recorded training statis-
tics. We report the training process records for every model we trained in Table 5. Although all
models were trained for 400 epochs, the epoch number at which each model’s final version was se-
lected varies due to the early stopping. Additionally, we recorded the time required for each model
to complete one epoch of training. This time represents the duration needed for the model to train
once over the entire training set, excluding the time spent on evaluation on the validation set after
each epoch.
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Figure 13. Two generation example of cGAN-12-A and ¢cGAN-12-S on 00-to-12 validation set. In
the examples, neither model successfully predicted fiber breaks. However, both models generated
other details of the fiber structure.

UNet-12-A UNet-12-5

Figure 14. A generation example of UNet-12-A and UNet-12-S on 00-to-12 validation set. The
model trained with MAE produces smoother images while losing a lot of detail. In contrast, the
model trained with MSE generates more accurate details (highlighted by the circles).

CGAN-12-A CGAN-12-5
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Figure 15. A generation example of UNet-12-A and UNet-12-S on 00-to-12 validation set. UNet-
12-S exhibited issues such as incorrectly enlarging gaps between fibers (highlighted by the red circles)
and overlooking fiber branches (highlighted by the blue circles) when generating the fiber structure.
In comparison, UNet-12-A performed better in these aspects.
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Figure 16. A generation example of UNet-04-S and cGAN-04-S on 00-to-04 validation set. Compared
to UNet-04-S, the fibers generated by cGAN-04-S are finer and more closely resemble the target (green
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Figure 17. A generation example of UNet-12-A and ¢cGAN-12-A on 00-to-12 validation set. Com-
pared to UNet-12-A, cGAN-12-A demonstrates superior fiber edge processing capabilities (red circles)
and a better perception of the relative positions between fibers (blue circles).
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Model Name Training Set Final Model Epoch Epoch Time (s)
UNet-04-A Image pair 00-to-04 47 18
cGAN-04-A Image pair 00-to-04 147 23

UNet from [19] Image pair 00-to-04 42 27
UNet-04-S Image pair 00-to-04 35 18
cGAN-04-S Image pair 00-to-04 215 23
UNet-12-A Image pair 00-to-12 48 18
cGAN-12-A Image pair 00-to-12 147 23

UNet from [19] Image pair 00-to-12 72 27
UNet-12-S Image pair 00-to-12 80 18
cGAN-12-S Image pair 00-to-12 176 23

Table 5. The training process records. Each model name corresponds to those listed in Table 3. The
"Final Model Epoch" column records the epoch number at which the final version of each model was
selected. "Epoch Time (s)" indicates the time (in seconds) each model took to complete one training
epoch on the entire training set. This time does not include the evaluation time on the validation set
at the end of each epoch.

20



Generator Loss vs. Discriminator Loss

—— Generator Loss
Discriminator Loss

4

J M

T T T T T T T
0 50 100 150 200 250 300 350 400
Epoch

Figure 18. The loss curves of the generator and discriminator of the cGAN-12-S model over epochs.
The generator loss plotted in the figure excludes the similarity loss (2), containing only the adversarial
loss (3) incurred during the generator training process.

We report the loss curves of the generator and discriminator of the cGAN-12-S model over epochs
in Figure 18 as an example to illustrate the adversarial training process. It is important to note that,
to solely display the adversarial interaction, the generator loss plotted excludes the similarity loss (2),
retaining only the traditional adversarial loss (3), as the similarity loss does not directly influence
the discriminator’s improvement. In the early stages of training (first 10 epochs), the discriminator
quickly learns to distinguish the generated images from real ones, causing the generator’s loss to spike.
As adversarial training continues (50-200 epochs), the generator progressively learns the features of
the fiber structure and begins to produce increasingly realistic images. After 200 epochs, both the
generator and discriminator losses stabilize.

We report the validation loss curves over epochs for models UNet-04-S and ¢cGAN-04-S in Figure
19. It is worth noting that although the two models use different learning rates (le-4 and le-6,
respectively), the weight for the similarity loss in the generator loss function of cGAN-04-S is set
to 100, making the equivalent learning rates for the MSE similarity loss consistent at le-4 for both
models. This allows for a fair comparison of the validation loss at the same epoch for UNet-04-S and
cGAN-04-S.
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Figure 19. The validation loss curves over epochs for models UNet-04-S and ¢cGAN-04-S.
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7 Discussion

Our 3D U-Nets and ¢-GANs achieved lower MSE losses on the validation set compared to the
baseline from [19] (Table 4), indicating that our implemented architectures have superior capability
in generating FRC CT images. Additionally, all of our c-GANs achieved lower validation losses
than the standalone 3D U-Nets under all training settings, suggesting that the introduction of the
¢-GAN architecture enhances the understanding and reconstruction of fiber structures by the 3D
U-Net. The quality of the generated images (Figure 9, 10) demonstrates that all our 3D U-Nets
and ¢-GANs perform well in predicting potential fiber structure movements under increasing tension,
further indicating that our models have an excellent understanding of fiber structure features.

Specifically, our implemented UNet-04-S and UNet-12-S models both achieve lower MSE losses
compared to the baseline (see in Tabel 4), indicating that our custom 3D U-Net outperforms the
baseline in synthesizing FRC CT images. This improvement is likely due to the deepening of both
the downsampling and upsampling paths (Section 4.1), enhancing the model’s ability to extract fiber
structure information and reconstruct images from feature maps [65]. Furthermore, our modified skip
connections likely contribute positively as well. In our 3D U-Net, the skip connections link feature
maps with the same number of channels, instead of connecting feature maps with different channel
numbers as in the baseline. This uniform channel connection approach may enable the model to better
understand the underlying information at the same level, thereby gaining a deeper comprehension of
the fiber structure characteristics.

Additionally, we observed an interesting phenomenon: despite our 3D U-Net models being deeper
and containing more convolutional and deconvolutional blocks compared to the baseline, they require
less time to train for one epoch on the same dataset (Table 5). This indicates that our models are
more efficient in data processing while maintaining high performance. We suspect this efficiency gain
is due to our reduction in the number of convolutional layers in the first and second convolutional
blocks and these layers contribute minimally to learning the underlying distribution of the training
data. The potential performance loss from removing these layers is likely compensated for by the
deeper convolutional blocks and the extended bottleneck.

However, these quantitative metrics can provide an approximation of the overall difference between
the generated and target images but may not adequately reflect finer details and visual quality. This
is because the microstructure of fiber-reinforced composites is often highly complex [66], and the
models’ ability to understand different fiber structures may vary. Therefore, average values might
not accurately reflect the actual performance. Therefore, we further evaluated the performance of
our models by visually inspecting the quality of the generated images.

We observe that for image pairs without fiber breaks, our models accurately synthesize images
that closely resemble the target images, regardless of whether the input and target in the pair have
small differences (Figure 11) or large differences (Figure 12). This indicates that the models have
a deep understanding of the structural characteristics of fiber-reinforced composites and can predict
how the fiber structure will change under different forces. However, when fiber breaks appear in
the target images, our models fail to predict their location or shape effectively (Figure 13). Instead,
they treat such cases as image pairs without fiber breaks, merely predicting how fibers will move.
This failure to predict fiber breaks is not an isolated incident; in all the generation examples we
manually inspected where fiber breaks appear in the target images, our models failed to predict fiber
breaks (we only show two of them in Figure 13). Although due to time constraints, we did not
manually inspect all generated images on the validation set, we still tend to suspect that none of our
models have learned how to predict fiber breaks. Despite the presence of fiber breaks, the models still
demonstrate excellent predictive capabilities for fiber structure on these pairs, accurately generating
fiber structures similar to those in the target images (Figure 9, 10, 11, 12, 13). This situation occurs
consistently across all models.

This situation indicates that our models lack the ability to capture and extract specific detailed
features such as fiber breaks during training. Instead, they tend to focus on global features like the
overall fiber structure. As a result, the generator (i.e., 3D U-Net) primarily learns the distribution
of the fiber structure and emphasizes reconstructing this information during the upsampling phase.
[67, 38] report the same phenomenon where the GANs have unbalanced performance within one
sample. We suspect that this issue arises from using overly simplistic measurements to evaluate
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the quality of the generated images during training. This approach likely fails to guide the model
to extract local features and accurately reproduce them in the generated images. Although [68,
69] improved the performance of GANs in generating local details of images by increasing model
complexity and introducing latent representations, this approach demands greater computational
resources and requires even more for more complex tasks (such as 3D scenes). Using a loss function
specifically tailored to evaluate the quality of fiber breaks might enhance the model’s ability to
generate fiber breaks 70, 71], but such a highly specific loss function may be challenging to generalize
to other application scenarios.

Despite our models’ failure to predict fiber breaks, their excellent performance in predicting poten-
tial fiber structure movements under increasing force still holds application potential. For instance,
the generated FRC CT images may be further utilized for fiber orientation prediction [72], which can
be applied to modify the manufacturing process of FRCs or to control the mechanical performance
of the resulting parts. Additionally, the unseen FRC CT images under high force generated by our
models may be used as new datasets to evaluate existing FRC stiffness prediction models [73, 74],
thereby reducing the cost of dataset creation.

Our experimental setup has also highlighted several aspects worth exploring. These aspects have
influenced model performance to varying degrees:

1. (Section 7.1) How does using different loss functions (MAE and MSE) affect models’ perfor-
mance?

2. (Section 7.2) Does using a cGAN structure lead to a positive improvement over using only
3D-Unet?

3. (Section 7.3) Do models exhibit different performance when trained with image pairs under
different forces?

Additionally, we conducted a detailed analysis of why our models failed to focus on and generate
fiber breaks, and we proposed feasible future work to address these issues (Section 7.4).

7.1 MAE vs MSE

Overall, we observe MAE and MSE models are effective at predicting the specific morphology of
fiber structures under a given force, although they both fall short in predicting potential fiber breaks
(Table 4, Figure 11, 12, 13). This suggests that neither MAE nor MSE enables the model to focus on
analyzing the relationship between the occurrence of fiber breaks and the underlying microstructure.

In terms of performance differences, we observe that the 3D U-Net model trained with MAE
produces smoother images, losing many details (Figure 14). In contrast, the model trained with MSE
successfully generates more details that match the target image. This may be because MAE penalizes
the absolute difference between predicted and target values, causing it to prioritize reducing the overall
magnitude of errors across all voxels rather than focusing on specific details [75]. In contrast, the
squared calculation in MSE makes it more sensitive to outliers and tends to focus on reducing these
larger errors [76], thereby encouraging the generator to focus more on details during training.

However, MSE is not always positive. We observe the c-GAN model trained with MSE overly
emphasizes local details (Figure 15), resulting in some fiber gaps being incorrectly enlarged (high-
lighted by the red circles) and some fiber branches being overlooked (highlighted by the blue circles).
In contrast, the model trained with MAE performs better in this regard. We suspect that during
training, the characteristic of MSE, which tends to prioritize minimizing large errors, causes the
model to sacrifice global coherence and structure in favor of focusing excessively on matching every
pixel value precisely, even if outliers are present as noise. The model may incorrectly amplify small
inconsistencies or noise in the input data, leading to details in the generated fiber structure that are
opposite to those in the target image.

Through the visual quality observation of the generated images (Figure 14, 15), it is difficult
to directly determine whether MAE or MSE is more suitable for training 3D U-Net and c-GAN
models. In most cases, both metrics successfully guide the models in learning the underlying data
distribution (Table 4), with only minor differences in the details of the generated images (Figure

23



15, 14). Therefore, in experimental setups, the choice of training metric should be made based on
the specific context and requirements. Generally speaking, MSE is more suitable for datasets that
are relatively clean and have few outliers or noise [75], which can be achieved through thorough
data preprocessing [77, 78]. However, in this thesis, the experiments only involved cropping and
registration of the dataset, neglecting the cleaning of noise and outliers. This resulted in MAE, with
its lower sensitivity to outliers, performing better on some samples compared to MSE (Figure 15).

7.2 Impact of GAN architecture

We observe a complementary relationship between the generator and discriminator losses (Figure
18). Specifically, in the generator and discriminator, the loss of one decreases as the other’s increases,
because good performance by one indicates poor performance by the other. The loss curves demon-
strate that the generator and discriminator of the introduced c-GAN architecture are indeed engaged
in adversarial training. Furthermore, this obvious adversarial process manifested in the loss curves
also indicates that our models did not suffer from mode collapse [79, 80], suggesting that the models
learned a more comprehensive underlying distribution of the generated images rather than focusing
on a few concentrated modes.

From Table 4, we observe that all of the models incorporating the c-GAN architecture exhibit
lower validation loss compared to those using only the 3D U-Net across different training sets and
criterion. This indicates that the adversarial training process inherent to the c-GAN architecture can
improve the performance-of the models. We speculate that this is due to the effective enhancement of
the discriminator’s performance by the c-GAN architecture, and the excellent discriminative ability of
the discriminator further advises the generator to generate higher quality images [26]. Specifically, we
suspect that by conditioning the models with input images, the discriminator learns how to distinguish
whether the generated images and target images are reasonable in terms of fiber structure, based on
the underlying distribution of the given input images [81]. This ability of the discriminator further
guides the generator to learn the features of the fiber structure during adversarial training and learn
a consistent distribution of generated data with the ground truth [27].

From the perspective of visual quality, we observe models using the c-GAN architecture generate
images with more detail and closer resemblance to the target images, whether on the 00-to-04 dataset
or the 00-to-12 dataset (Figures 16 and 17). This indicates that the c-GAN architecture enhances the
refinement and quality of the generated images and helps the model gain a deeper understanding of
the microstructure of the fiber material. Specifically, we find that the c-GAN models exhibit superior
fiber edge processing capabilities (red circles in Figure 17) and a better perception of the relative
positions of different fibers (blue circles in Figure 17). We think this is because the introduction of
conditioning allows the adversarial training process of c-GANs to act as a form of regularization [82],
thereby improving generalization to unseen data and making the model more robust. Additionally,
we suspect the introduction of similarity loss encourages the generator network to produce images
that are not only visually realistic but also preserve fine details. Compared to standalone 3D U-Nets,
the generator-discriminator architecture of ¢-GANs amplifies this guidance.

Additionally, we observe that the introduction of the c-GAN architecture contributes to enhanced
stability during model training (Figure 19). The model with the ¢c-GAN structure exhibits smoother
validation loss curves during training compared to UNet-04-S, reducing a lot of oscillations. This
suggests that the adversarial training employed by c-GANs contributes to a more stable training
process for the model. This stability enhancement may be attributed to the minimax game dynamics
between the generator and discriminator during training, which maintains a dynamic equilibrium,
leading to smoother parameter updates for the generator.

At the same time, we find that all c-GAN models require longer training time to reach the best
performance compared to 3D U-Nets (Table 5). It is worth noting that although ¢-GANs and 3D U-
Nets use different learning rates during training, the hyperparameter X in (4) balances the contribution
of the similarity loss to parameter updates in each epoch for both architectures. In other words, this
difference in convergence time stems from the introduction of the c-GAN architecture. This indicates
that the adversarial training process of the generator and discriminator requires more time to learn
to effectively counteract each other’s strategies. Considering the imbalanced performance of our c-
GAN models in predicting fiber breaks, we suspect this phenomenon also exists during our models’
training process [83]. The poor generation of local details may have hindered the convergence speed,
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necessitating a longer training period for the models to learn effectively.

7.3 Variability in model fitting on different datasets

From the validation loss perspective, we notice it is more challenging for the models to learn the
common underlying distribution from Image pair 00-to-12 compared to Image pair 00-to-04 (Table 4).
This suggests that the greater differences in the image pairs of dataset 00-to-12 make it more difficult
for the models to learn the underlying distribution of the fiber structure under higher tension. This
is reasonable because larger tensions typically result in more intense and complex fiber movement
and deformation [84], making it harder for the models to generalize the changes in different fiber
microstructures under tensile loading.

Additionally, we observe that our c-GAN exhibits greater robustness compared to standalone 3D
U-Nets (Table 4). This is reflected in the greater disparity in performance between the 3D U-Net
and ¢-GAN on Image pair 00-to-12 compared to Image pair 00-to-04. On the simpler dataset (Image
pair 00-to-04), all c-GAN models outperform the standalone 3D U-Net models according to the
validation loss. This advantage is magnified on the more challenging dataset (Image pair 00-to-12).
We speculate this is because the more difficult image pairs impose higher demands on the model’s
feature extraction and reconstruction capabilities, and the generator-discriminator architecture of the
¢-GAN compensates for this performance gap [57].

The same phenomenon occurs with our customized 3D U-Net compared to the baseline from [19]:
when the training and validation datasets change from Image pair 00-to-04 to Image pair 00-to-12, the
performance advantage of the 3D U-Net over the baseline becomes more pronounced, as indicated by
the difference in validation loss (Table 4). Considering that our 3D U-Nets have deeper downsampling
and upsampling paths as well as a longer bottleneck, we suspect these additional convolutional and
deconvolutional blocks enhance the model’s ability to handle more complex data [35].

One insight gained from the above discussion is that appropriately increasing model complexity
can enhance the robustness of the models. However, model complexity and model expressive capacity
(the ability of models to approximate complex problems) are often not equivalent [86]. Our c-GANs
achieved a minimum MSE loss of 6.28e-05 on the training set Image pair 00-to-12 after 1600 epochs of
training. This is obviously smaller than their validation set loss (2.78e-3, see in Table 4), suggesting
that our models are over-parameterized and have sufficient potential expressive capacity for the
complex dataset. However, our models fail to capture both the fiber breaks in Image pair 00-to-04
and Image pair 00-to-12, indicating that our training process has not fully exploited their expressive
capacity. Although increasing the complexity of the generator or discriminator may indirectly enhance
the expressive capacity of c-GAN, this strategy also carries the risk of overfitting [87].

7.4 Future works

Class imbalance The imbalance of voxel numbers between fiber breaks and the fiber structure
background is a significant issue in our dataset. Even in image 15, which contains the highest number
of fiber breaks, there are only 286 fiber breaks (see in Table 1). Based on manual observation,
individual fiber breaks in the CT images of the dataset typically have a length and width of 10-50
voxels and a height of only 1-5 voxels. Even under the most conservative estimates, the volume of
fiber breaks accounts for merely 0.65% of the entire volume. It is extremely challenging for the model
to learn how the microscopic structure of the fiber material influences the occurrence of fiber breaks
and to accurately predict fiber breaks in unseen samples from such a sparse distribution [88]. In
reality, the model is more likely to disregard the few fiber breaks as potential noise [89] and focus
solely on the more common fiber structure features.

To ensure that the model learns more about the fiber breaks features, it is necessary to address
the class imbalance. One potential solution is to filter the training set and use only patches containing
a higher number of fiber breaks for training [90]. This approach effectively increases the proportion
of fiber break voxels but requires more datasets to replace the discarded patches. Additionally, such
dataset filtering based on the number of fiber breaks can be labor-intensive.

Another potential solution is to utilize a loss function that specifically targets fiber breaks instead
of relying on MAE or MSE as the similarity loss. Many region-based loss functions [91, 92] focus on
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specific areas of interest within an image by providing a label mask for computing the loss. Although
the dataset used in this thesis does not come with annotated masks for fiber breaks, these masks can be
obtained through segmentation. Some segmentation models [93, 94] have demonstrated their ability
to segment fiber breaks. Through segmentation, we can treat the fiber structure background in the
generated and target images as 0, considering only the fiber breaks area as 1. Under these conditions,
applying region-based loss to the processed images can effectively reduce the loss proportion of non-
fiber break regions in the training metric. However, training with this solution not only depends on
the accuracy of the segmentation model but also requires additional computational resources.

Integrating Force into conditions We suspect that incorporating the force difference between the
target image and the input image as an additional condition for the model could potentially enhance
its performance. In this thesis, each model is trained solely on image pairs obtained under specific
forces. During this process, the only information related to the applied tension is conveyed to the
network through the similarity loss. However, due to the depth of the network, the gradients of
this loss may rapidly vanish during training, limiting the supervision of the model’s deep structure
[95, 96]. This could lead to the encoder structure of the model ignoring hidden force features, which
are directly related to the occurrence of fiber breaks. In fact, when force is applied to fiber-reinforced
composites, the fibers in the material undergo a certain amount of deformation [97], which may also
be reflected in the feature maps corresponding to the fiber structure.

[98, 68] have demonstrated that progressively integrating conditions into the various feature ex-
traction blocks of the model can effectively enhance the model’s encoding and understanding of
conditions, thereby generating better quality data. One possible direction for the work in this thesis
could be to incorporate the difference in tension between the input image and target image in the
image pair as an additional independent condition input to the generator and discriminator. For
example, a mask derived from the force difference mapping could be added after each encoder block.
By repeatedly emphasizing the influence of applied tension on the extraction of various feature maps
in the model, it may be possible to enable the model to understand how force affects different fiber
microstructures, thereby predicting potential fiber breaks.

Other generative models In this thesis, we employ a c-GAN architecture to enhance the image
synthesis capabilities of the 3D U-Net. However, the adversarial training process of GANs tends to
focus on shaping the global features of the generated images [99, 98]. This suggests that models em-
phasizing local features may perform better, as we are particularly interested in how microstructures
influence fiber breaks. Recent research has seen the adoption of diffusion models [100], which utilize
a diffusion process based on physics and probability theory to transform noise into complex, realistic
data samples. Compared to GANs, diffusion models benefit from their forward and reverse processes,
often generating data with finer details and textures [101]. Replacing GANs with diffusion architec-
tures could potentially supervise models to generate more detailed fiber breaks, reflecting the impact
of surrounding fiber material microstructures. Another possible advantage of using diffusion models
is their step-by-step denoising process, which can provide deeper insights into how the models un-
derstand local features [102] and determine the presence of fiber breaks. This distributed generation
process aids in comprehending how microstructures influence the occurrence of fiber breaks.

8 Conclusion

Our custom 3D U-Net and ¢c-GAN models outperform the baseline from [16] in synthesizing FRC
CT images under increased tension from the corresponding images under initial tension. In terms of
visual quality, our 3D U-Net and c-GAN both accurately predict the movement of fiber structures
under higher tensile loading across all datasets. However, we observed a weak correlation between
the generated and ground truth fiber breaks. Furthermore, our experiments demonstrate that the in-
troduction of the ¢c-GAN architecture enhances both the qualitative and quantitative performance of
standalone 3D U-Nets, suggesting that adversarial training aids in improving the models’ understand-
ing of fiber microstructures. Additionally, we find the c-GAN architecture contributes to increased
stability during model training.
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