Date of Defense:

Dean:
Reviewer:
Reviewer:

Reviewer:

Fiber Analysis in Micro Structures

Thesis approved by
the Department of Computer Science
University of Kaiserslautern-Landau
for the award of the Doctoral Degree

Doctor of Engineering (Dr.-Ing.)

to

Andreas Grief3er

11.09.2025

Prof. Dr. Christoph Garth
Prof. Dr. Hans Hagen
Prof. Dr. Volker Schmidt

Dr. Andreas Wiegmann

DE-386






Abstract

In the last two decades, micro-computed tomography (micro-CT) scanning
technology has become affordable and widely available for industrial and re-
search applications. Imaging technology has evolved from requiring synchrotrons
for high-resolution images in to desktop scanners providing submicron resolu-
tion or 4D dynamic imaging in a lab-based system [1] [2]. This popularized the
application of micro-CT scans in material science. Fibers, by nature, have a
very high aspect ratio, requiring high resolution to resolve their cross-section
while needing enough field of view to capture their trajectory. Extracting
properties of the microstructure from micro-CT scans opens up a wide range
of possibilities, from comparing different manufacturing methods to creating
digital models of the materials [3], [4] and changing them to investigate how
specific microstructural properties impact overall performance [5]. A method
was developed to analyze the fibers in large micro-CT scans of nonwoven
materials [6]-[8]. Nonwoven fibers can be multiple millimeters long, typi-
cally in a diameter range of 15-30 micrometers. To overcome typical issues of
skeletonization-based approaches, I present a machine learning-based method
to find the centerlines of each fiber in the scan. These centerlines are then
processed into a graph to correct errors in the neural network’s output. Train-
ing data for the neural network was obtained using the structure generator
"FiberGeo” in ”GeoDict”. I demonstrated the approach on a large nonwoven
micro-CT. Fiber-based structures like carbon paper also play an important
role as gas diffusion layers in fuel cells. Carbon paper is a porous composite
made from carbon fibers and carbonized binder. When imaging these mate-
rials in a micro-CT, the binder and the fibers do not have any contrast. The
distribution of binder and fibers influences the physical properties of the gas
diffusion layers. To segment fibers from binder in these images, a machine
learning-based approach is presented [9]. Similar to before I created artificial
models of carbon paper. For these models, we know which voxels are binder
and which are fibers. The models are used to train a neural network that seg-
ments the binary images (pore and solid) into three-phase images (pore, fiber,
and binder). I presented the approach on multiple scans and also validated it
against a small cutout that was labeled manually. For injection-molded com-
posites, the length of the fibers after the injection process can significantly
influence the overall strength of the materials[10], [11]. To measure the fiber
length, I enhanced the fiber identification method from before with a larger
training dataset. I applied our enhanced method to a sample of a glass fiber
composite and compared the results to experimental lab measurements. The
method presented gave good agreement, enabling the measurement of fiber
length without destruction of the sample and the experimental work.
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1. Introduction

1.1. Motivation

Micro-structural properties play an essential role in modern porous or compos-
ite materials. The geometry of pores and solids in such materials signi cantly
impacts the overall performance of a material towards certain design goals.
Engineered materials can be created in various ways. A few examples are:
Lay-down of in nite bers, packing of grains, foaming of polymers or met-
als, injection molding of bers and polymer matrix, etc. In many of these
processes, bers are used. Fibers allow a wide range of design options for ma-
terials. For example, in composites, their material strength, diameters, and
orientation greatly impact the weight and sti ness of the nal product. In
nonwoven hygiene products, multiple layers of long extruded polymer bers
are often used to design sheets with speci ¢ ow properties and uid holding
capabilities. While at least some parameters like the ber diameters, length,
or overall amount can be controlled on the input side of many production pro-
cesses, some other properties can not be controlled or might even be changed
by the process. Understanding the nal geometry and distribution of bers in
the produced material can be an important tool in understanding the processes
that control the overall performance of a material [5].

In the last two decades, micro-computed tomography (micro-CT) scanning
technology has improved rapidly and has become more available for material
engineering. In the early 2000s, the availability of micro-CT devices was very
limited, and often scanning materials with bers in the micrometer range at
a su ciently large eld of view and quality required a synchrotron. On top of
this, processing the large volumes produced by these scans can now be done
on commonly available workstations. By now, lab-based systems can even
be used to capture dynamic processes such as deformations under load [2] or
even tracing particles in a uid under limited conditions [1]. These progresses
has also caused increased demand for tools to obtain not only qualitative but
also quantitative insights from micro-CT scans. For ber-based materials,
the microstructure can be very complex, and the quanti cation of geometri-
cal properties is not easy. For some properties like orientation of bers [12],
diameters of bers, or pore sizes, image-based approaches exist that yield re-
liable results. To fully describe the material's microstructure, it is necessary
to separate the individual bers and describe them analytically. In Chapter 2
of this work, | present a solution to this challenge that labels the individual
bers in nonwoven materials. The samples that were analyzed are materials
typically used in hygiene products. In these samples, the curliness and cur-
vature of bers were of high interest. In Chapter 4, this method is further
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improved for the challenges imposed by the high density of bers typically
observed in composite materials. Here, the ber length distribution after the
sample production was of interest and can easily be computed from the an-
alytic representations of bers constructed by the approach presented in this
work.

Many materials are not composed solely of bers; they often include a blend
of bers and other components, such as grains (e.g., super absorbent particles)
or binders that hold the bers together, providing the necessary mechanical
stability. One such type of material is carbon paper, which consists of carbon
ber glued together by a carbonized binder material. Carbon papers are often
used as gas diusion layers (GDL) in fuel cells and play an essential role
in the overall performance of the fuel cell. The amount of binder and its
distribution are critical design parameters. In micro-CT scans, the binder and
the bers usually do not have any contrast and can not easily be segmented
into di erent phases. To overcome this challenge, | developed a method to
segment ber and binder using a convolutional neural network trained on
arti cially generated samples in Chapter 3. This method allows the analysis
of ber and binder distribution in carbon paper materials. Further, the proper
constituent material properties can be assigned and used for simulation of e.g.,
conductivity.

Both the characterization of phase distribution and the geometric descrip-
tion of objects making up the microstructure yield important inputs for mod-
eling of this kind of material [3], [4]. Generating accurate models from such
measurements of scans of the real materials can be used to design materials
according to certain criteria. With modern simulation tools, the design of
materials can be optimized towards certain goals without the need to produce
and test each sample in a lab. This helps to achieve goals faster while being
more sustainable.

1.2. Related Work

A wide range of methods to analyze the characteristics of bers in microstruc-
tures was developed in the past. Some approaches do not require the iden-
ti cation of individual bers and instead use image-based methods. E.g.,
Axelsson et al. [12] focus on the computation of ber orientation. They cal-
culate the structure tensor in each voxel of a 3D image and use the eigenvalue
decomposition to determine the local ber orientation. Krause et. al. [13]
Determine the ber orientation by minimizing a quadratic energy functional,
which is smoothed using a Gaussian. These methods all work directly on
the image without labeling individual bers. Another approach to measuring
ber length in micro-CT scans that does not rely on single ber identi cation
is presented by Kroneberg et al. [14]. They detect ber endpoints based on
the surface curvature and then use them to estimate the ber length based
on an approach presented by Kuhlmann and Redenbach [15]. This method is
limited to straight bers only.

More similar in methodology to my work, Henys et. al.[16] segment indi-
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vidual bers of woven materials and yarns. Instead of using neural networks,
they obtain the bers from a skeletonization approach. The skeleton is de-
composed into segments that are reconnected afterward. The approach works
well for micro-CT scans where the resolution allows the distance map-based
skeletonization to separate the centerlines of touching bers. Huang et al. [17]
use a similar technique with a di erent skeletonization approach which pre-
serves the original topology. They then use a heuristic to separate the wrongly
connected bers at junction points based on correlating the length of skeleton
segments to the ber diameters.

Vigue et al. [18] describe a method to identify individual bers by ana-
lyzing the ber orientation to detect zones with high orientation gradients in
their work. This method works well for various kinds of materials. However,
parallel bers (as in composite materials) require additional steps to achieve
a segmentation, as no gradient can be observed. Badran et al. [19] present a
method to segment phases by shape in micro-CT scans that have no contrast
using deep learning.

Depriester et al. [20] remove contact points between bers by measuring
the local misorientation of bers. The resulting ber fragments were then
reconnected using an orientation-based growth algorithm. The method works
well for bers not primarily parallel and in contact over long distances, where
reconnecting them will become problematic. Konopczynski et. al. [21] present
an approach where a deep fully convolutional network calculates a mapping of
the ber voxels in an embedding space. This embedding is later clustered to
obtain the segmentation of the individual bers. The method works well for
the low-resolution micro-CT scans demonstrated, but is limited by the require-
ment for manually labeled training data. Other commercial solutions for the
analysis of bers in ber-based materials are available, such as "Avizo" [22].
These approaches solve the problem of analyzing geometrical properties for a
particular parameter (e.g., orientation) or certain types of structures. Kallel
et. al. [23] present an algorithm to create arti cial ber structures and simu-
late thermal conductivity on these samples.

More basic but similarly crucial to analyzing the bers is getting the actual
phase distribution right for materials that contain more phases than just bers
and air or matrix material.

For the segmentation of material phases (semantic segmentation) in micro-
CT scans, many machine learning approaches exist and have been deployed
successfully. One example is the trainable WEKA segmentation [24]. This ap-
proach uses manual labeling on 2D images to obtain training data. However,
manual labeling of images is very time-consuming. It is also error-prone, with
results depending heavily on the expertise and experience of the user. An-
other notable approach using deep learning for segmenting minerals in rocks
is by Phan et. al.[25], who train an improved U-Net architecture to segment
pores and minerals on micro-CT scans of rock samples. They start from
high-quality scans of multiple rock samples, segment each using existing seg-
mentation methods, and enhance this training dataset with arti cially added
artifacts. A similar process on a single rock type is presented by Karimpouli
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et al. Al. [26]. Our approach diers from these methods by generating the
training data completely from models, using 3D ber and binder modeling
tools available in the GeoDict software [27]. Deep learning-based approaches
to segment GDLs have also been used by Tang et al. [28] and Mahdaviara
et al. [29]. In both works, a segmentation of binder and ber similar to this
work is achieved. In contrast to the work presented here, they start from
scans in which there is a contrast in grey values between binder and bers.
This contrast allows the creation of training data for the deep-learning part by
semi-automatic tools. There have also been attempts to segment binder and
ber using classical approaches. One such approach is presented by Chen et
al. [30], who use a multi-threshold non-local means joint distribution method
to nd the distribution of bers and binder. In contrast to our approach,
they also require a di erence in grey values between bers and binder for the
approach to work. The binder modeling approach presented in this work is
similar to the approach presented by Simaafrookhteh et al. [31], who create
the binder phase in 3D scans of GDLs using morphological operations. They
also investigate the e ect of di erent amounts of binder on carbon paper's per-
meability, di usivity, and thermal conductivity. The same approach of adding
binder by morphological operations to investigate the e ects on performance
has been used for batteries by Hein et al. [32] and Trembacki et al. [33].
Similarly, Wang et al. [34] investigate the impact of hydrophobicity on the
water transport velocity of Toray GDLs. Their approach alters the GDLs by
adding hydrophobic decorations on top and bottom, changing morphology and
ber diameters, and increasing the breakthrough pressure. More work on the
impact of the amount of binder on the performance of a GDL has been done
by Flackiger et al. [35]. They experimentally studied di erent binder amounts
and PTFE treatments on GDLs and concluded that binder amounts over 50%
negatively impact e ective di usivity. Yiotis et al. [36] study the in uence

of binder on the performance of a GDL by generating models using the same
approach to create the ber network as used in this work. Investigating the
performance of GDLs and other parts of fuel cells by simulation has been an
approach adopted in many works, for example Zamel et. al. [37], Hrandi et.
al. [38] or Simaafrookhteh et. al. [31]. For these works, it is bene cial to
obtain a separation of the ber and binder phases in micro-CT scans of GDLs
to account for their di erent physical properties in simulations. Our approach
models GDLs as training data for a neural network in a two-step process.
First, a brous structure is created using a Poisson line process. Then, the
binder distribution in the ber structure is simulated using morphological op-
erations. The basic idea of the rst step is described by Schladitz et. al. [39].
Straight, in nitely long, potentially overlapping bers are generated from a
Poisson line process according to an anisotropic direction distribution and a
given ber diameter distribution. This approach gets statistically correct ber
distributions in nite-sized domains. The approach is extended by moving and
bending the bers after the initial creation to allow the bers to overlap only

a de ned amount.
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2.1. Abstract

Fibrous materials play a signi cant role in many industries, such as lightweight
automotive materials, Itration, and as constituents of hygiene products. The
properties of brous materials are governed to a large extent by their mi-
crostructure. One way to access the microstructure is to use micro-computed
tomography (micro-CT). Completely characterizing the microstructure re-
quires geometrically characterizing each individual ber. To make this pos-
sible, one must identify the individual bers. The method presented in this
work achieves this by nding the centerline of all individual bers in segmented
micro-CT scans. It uses a convolutional neural network trained on automati-
cally generated synthetic training data. From the centerlines, analytic descrip-
tions of the individual bers are constructed. These analytic representations
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allow detailed insights into the statistics of the geometric properties of the
brous material, such as the bers' orientation, length, or curvature. The
method is validated on arti cial data sets and its usefulness demonstrated
on a very large micro-CT scan of a nonwoven composed of long bers with
random curvature.

2.2. Introduction

Fibrous materials play a signi cant role in many industries, such as lightweight
automotive materials [40], [41], or as constituents of hygiene products [42]. Be-
cause the details down to the individual bers govern the material properties,
understanding the microstructural geometric statistics of brous materials is
an essential aspect of material engineering. Analyzing bers has therefore been
of interest to researchers for a long time. First, besides manual measurements,
2D image analysis was used for this task [43]. In the last 15 years, volumetric
3D scanning technology such as micro-CT has become a ordable and widely
available, popularizing its application for the analysis of nonwovens [44], [45].
3D scans can provide valuable insights into materials under two constraints:
The scanning resolution must be su cient to resolve all relevant objects and
features, and the eld of view must be large enough to be statistically relevant
for the material under consideration. In recent years, both ber analysis and
the generation of arti cial models of brous structures have become an impor-
tant research topic [46]{[48]. Correct labeling of bers in a 3D scan allows for
the complete characterization of the geometric properties of each ber and,
subsequently, of the statistical properties of the whole material sample. De-
pending on the application domain, the bers can look vastly di erent. For
example, composite materials use densely packed straight bers, while non-
woven materials consist of highly curved bers with a low packing density.
This diversity poses a challenge when developing a generic algorithm. The
algorithm must also be e cient enough to analyze large micro-CT scans that
capture a eld of view representative of the material to characterize it accu-
rately. To obtain valuable insights, the algorithm must perform on large 3D
micro-CT scans, which capture a large enough eld of view of the material, a
so-called representative elementary volume (REV).

2.3. Related Work

A wide range of methods to analyze the characteristics of bers was developed
in the past. Some approaches do not require the identi cation of individual
bers and instead use image-based methods. Axelsson et al. [12] focuses on the
computation of ber orientation. They calculate the structure tensor in each
voxel of a 3D image and use the eigenvalue decomposition to determine the
local ber orientation. Krause et. al. [13] determine the ber orientation by
minimizing a quadratic energy functional, which is smoothed using a Gaussian.
These methods all work directly on the image. In contrast to that approach,

| identify the individual bers and nd analytic representations for them.
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This representation consists of a piecewise linear trajectory and cross-sectional
parameters. In the simplest case of bers with constant circular cross-sections,
the latter is the diameter. The ber orientation can then be calculated from
the analytic representation.

More similar in methodology to my work, Henys et. al.[16] segment indi-
vidual bers of woven materials and yarns. Instead of using neural networks,
they obtain the bers from a skeletonization approach. The skeleton is de-
composed into segments that are reconnected afterward. The approach works
well for micro-CT scans where the resolution allows the distance map-based
skeletonization to separate the centerlines of touching bers. Huang et al. [17]
use a similar technique with a di erent skeletonization approach, which pre-
serves the original topology. They then use a heuristic to separate the wrongly
connected bers at junction points based on correlating the length of skeleton
segments to the ber diameters.

In their work, Vigue et al. [18] describe a method to identify individual
bers by analyzing the ber orientation to detect zones with high orientation
gradients. This method works well for various kinds of materials. However,
parallel bers (as in composite materials) require additional steps to achieve
a segmentation, as no gradient can be observed. In their work, Badran et al.
[19] present a method to segment phases by shape in micro-CT scans that
have no contrast using deep learning.

Depriester et al. [20] remove contact points between bers by measuring
the local misorientation of bers. The resulting ber fragments were then
reconnected using an orientation-based growth algorithm. The method works
well for bers that are not primarily parallel and in contact over long distances,
where reconnecting them will become problematic. Konopczynski et. al. [21]
present an approach where an embedding of the bers is calculated by deep
learning. This embedding is later clustered to obtain the segmentation of the
individual bers. The method works well for the low-resolution micro-CT
scans demonstrated, but is limited by the requirement for manually labeled
training data. Other commercial solutions for the analysis of bers in ber-
based materials are available, such as Avizo [22]. These approaches solve the
problem of analyzing geometrical properties for a particular parameter (e.g.,
orientation) or certain types of structures.

A limiting factor of machine learning-based approaches for ber segmen-
tation is often the time-consuming work it takes to manually label enough
volumetric data to train the neural network. The approach presented here
avoids this problem by generating synthetic training data automatically using
the ber generator software "FiberGeo" [49] in "GeoDict" [50]. The training
data can be easily adapted by modifying the generator parameters to resemble
many di erent types of brous materials.

Like the method presented here, arti cially generating ber structures for
training, Kallel et. al. [23] present an algorithm to create articial ber
structures and simulate thermal conductivity on these samples. Constructing
the analytic ber models allows for the straightforward computation of various
properties. Statistics over those geometric properties enable the creation of
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accurate models of the analyzed material [4] [3]. At the same time, the method
presented is e cient enough to be applied to scans of industrial dimensions. At
this scale, the statistics can be used to determine material properties relevant
for patents and patent claims (Patent No. WO 2020/103964 A1, 2020 [51]).

2.4. Approach

The method presented here starts on segmented (binarized) micro-CT im-
ages. These images classify each sample point (voxel) as being either part of
the background/matrix (0) or part of a ber (1). Starting with segmented
images makesenders the method very exible regarding the segmentation al-
gorithm and robust against the various artifacts that can occur in gray value
scans from micro-CTs. Much research has been done on segmenting micro-
CT images, and a suitable method can be chosen depending on the type of
analyzed material.

2.4.1. Fiber centerlines

Each ber trajectory is described using its centerline, a piecewise linear curve
along the center of each ber. Additionally, the ber's local diameter is stored
at each centerline point. For non-circular bers, a di erent shape descriptor
can be chosen - e.g., the two diameters of an ellipse for bers with an elliptical
cross-section. In the approach presented here, | label each ber's center voxels
to obtain a discrete representation of the centerline as a connected component
of voxels. Then the algorithm traces along these voxels to obtain an analytical
representation. Finding the centerline of a ber is challenging in areas where
bers touch or are melted together, as can happen in the case where the
material is thermally bonded.

2.4.2. ldenti cation of centerlines by neural networks

A natural approach to obtaining the discrete centerlines is skeletonization.
Here, a binarized voxel image is selectively eroded until only a discretized curve
with a thickness of a single voxel remains. However, because skeletonization
is topology-preserving, it alone cannot entirely separate bers that touch in
the binarized image (see Figure 2.1).
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(a) Segmented structure (b) Labeled bers

(c) Centerline from neural network (d) Morphological skeleton

Figure 2.1.: Centerline labeling: Figure 4.4a shows two bers cut out from non-
woven sample C. The bers are parallel and touch each other over a
long distance. Figure 4.4b shows the result of labeling the individual
bers with the method presented here. The two bers are correctly
separated. Figure 2.1c shows the extracted ber centerlines using the
neural network approach. In contrast, Figure 2.1d shows the center-
lines, as created by skeletonization.

Unfortunately, this occurs quite frequently, either as an artifact of segmenta-
tion or because the bers are physically connected, as in the case of thermally
bonded materials. To avoid this problem, the presented method uses a neural
network-based method to nd the centerlines of bers. The neural network
labels voxels through which the centerline of a ber passes in the image, which
results in an image similar to skeletonization but without cross-linking neigh-
boring bers at contact points.

2.4.3. Training data generation

Labeling ber centerlines manually would be very time-consuming. Therefore,
to obtain the necessary training data, | use synthetic models generated from
the "FiberGeo" [49] ber generation module, which is a component of the
"GeoDict" [50] digital material laboratory. In these models, the analytic de-
scription of the bers is available, and voxels containing the analytic centerline
can be labeled easily (see Figure 2.2).
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Figure 2.2.. Generated ber and the corresponding centerline obtained from the
analytic model.

For the model to be applicable to real material scans, the synthetic ber
structures used during training should resemble the real materials, at least
locally. A wide range of varying ber structures can be generated quickly
by sweeping through the parameters of the ber generation module "Fiber-
Geo" [49]. This approach allows for the obtaining of plenty of training data in
a timely manner. It avoids one of the main limitations of supervised learning
approaches, the scarcity of training data.

| generated curved bers several times longer than the domain under con-
sideration for the examples shared later in the results. The curvature was
modeled so that both straight and curved segments were obtained. The bers
were mainly oriented in a plane, but a small amount of perpendicular devia-
tion was permitted. Apart from the ber trajectories, the contact points where
bers touch each other require particular attention. | applied morphological
closing to match the appearance of these contact areas to the real micro-CT
scans.

As the regions without ber contacts proved easy for the network to label,
| used training structures with an arti cially high number of contact points
such that these more complex con gurations occur more frequently. This was
done by simply increasing the density of bers beyond the density found in
the real materials, which naturally leads to more ber contacts. To train the
network, | generated nine arti cial ber structures with 512 by 512 by 256
voxels each (Figure 2.3).
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Figure 2.3.: Example of brous training structure generated with FiberGeo [49],
including overlap by maximally 2 voxels and added smoothing of ber
contacts to match typical micro-CT scan artifacts (highlighted in the
small image).

2.4.4. Neural Network

To avoid being limited to xed image sizes, the neural network is not applied
to the whole image all at once. Instead, a sliding input window is passed
over the image, and the neural network generates labels for a smaller output
sub-window in the center. Because the neural network "sees" only the con-
tents of the input window, that window needs to be large enough to capture
the bers' shape and local trajectory. TensorFlow [52] is used for the deep
learning part of the algorithm. As a network architecture, | choose a variation
of the widely used U-Net [53] (see Figure 2.4). Presented initially to label
2D microscopy images, | extend the network to a 3D architecture [54]. The
network, therefore, transforms a xed-size 3D input volume to a smaller 3D
output volume, which contains the predicted labels for the center region of
the input. | train the neural network using supervised learning. This means
that inputs and corresponding outputs are passed to the training algorithm.
The network learns how to transform the input into the corresponding output
using gradient descent optimization. Using a 3D network architecture instead
of a 2D slice-based approach comes at the cost of longer training times and
a demand for more training data. The latter is largely irrelevant in the ap-
proach presented here, as the amount of training data that can be generated
is practically unlimited, and the time for data generation is negligible with
respect to the training time. The benet of using the 3D U-Net lies in the
quality of the results achieved. A smooth and icker-free result is generated
by considering a 3D context bigger than the network's output size. To keep
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the size of the input window and the training times manageable, | reduced the
depth of the U-Net to two. Still, | designed the training framework so window
sizes and network depth can be adjusted freely, up to the GPU memory limit.

Figure 2.4.: The adapted 3D U-Net architecture used in this work.

2.4.5. Centerline to graph conversion

Applying the network to a segmented scan results in labeled centerlines about
three voxels in diameter. | further reduce the diameter to a single voxel by
applying a skeletonization algorithm. These chains of adjacent voxels are then
converted into a graph representation by starting at the end of a chain and
tracing along the neighboring labeled voxels. Ideally, this yields a completely
disconnected graph where every ber is represented as two graph nodes con-
nected by a single edge. The nodes correspond to the endpoints of the ber,
while the edge corresponds to the ber trajectory. However, this might not
be the case due to artifacts in the CT-scan or detection errors in the neural
network. Some bers might fall apart into multiple graph components, and
therefore, | use a reconnection step to merge ber fragments back together.
The opposite case of bers merging is a signi cant problem in skeletonization-
only approaches. However, in the method presented here, this artifact does
not occur frequently because bers in the training data are guaranteed not
to overlap so much that the centerlines touch; hence, the output inherits this
property for real micro-CT scans.

2.4.6. Fragment reconnection

To reconnect the ber fragments, | consider all pairs of fragment endpoints
that are closer than a specic distance. | de ne Euclidean lengthlj as the
distance between two ber endpoints, andd;, dx, and di; as the directions of
the ber segments and the directions of the segment between the endpoints.
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For each endpoint combination, an optimization criterion o is calculated.
Di erent optimization criteria are used for straight or curved bers, and Equa-
tion 2.1 is used for primarily straight bers, and Equation 2.2 is used for curved
bers.

l; . l; .
Ok —— d d¢ "1 —X—e °di dy d¢ i (2.1)
Imax Imax
ok di d¢ di dix dk g (2.2)

The pair of fragments with the highest value for oy are then connected (re-
placed by a single fragment) through interpolation to form a single fragment. |
continue with the next best pair in a greedy strategy until no pair of endpoints
with oy larger than a given threshold remains. At the end of this procedure,
all bers in the scan are represented by a list of voxel coordinates connecting
the start and end points.

2.4.7. Graph to Analytical Fiber

This list of voxel coordinates is converted into a piecewise linear ber cen-
terline by merging connections between two voxels so that the resulting line
never deviates further than two voxels. This ensures that the noisy nature
of the voxelized centerline is smoothed out, but the resulting centerline stays
close to the actual position of the ber. Then, the local diameter at each
centerline point is determined by sampling the Euclidean distance map of the
segmented CT-scan. In addition to obtaining the analytic ber representa-
tions, | uniquely assign each ber voxel in the original segmented scan to a
ber. For this purpose, | construct an object-label image where each voxel of
a ber's centerline is assigned a unique ID corresponding to the ber. Then,
a watershed [55] algorithm is used to completely label the ber voxels sur-
rounding the centerline with that same ID. After this procedure, every solid
voxel has the unique ID of the ber it belongs to. Finally, | calculate the
length, orientation, curvature and curl-index [56], [57] of each ber based on
its analytic representation.

2.4.8. Fiber analysis

The curvature of a ber at a certain point is de ned as the inverse of the ra-
dius of the tangential circle to the centerline. The ber curl-index is the ratio
between the curve length of the ber and the Euclidean distance between the
two ber endpoints. In order to analyze the sample for gradients or inhomo-
geneities with respect to any of the computed properties, | can restrict the
analysis to a sub-region of the sample domain. Additionally, it is possible to
select a subset of bers that ful ll a certain criterion and analyze only that
subset for other properties (e.g., only analyze bers above a particular length
for curl-index as short bers that intersect the domain boundary would skew
the result). All algorithm steps are implemented with the option to use peri-
odic boundary conditions to analyze unit cells of regular meshes (e.g., woven
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